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The human hand’s unique biomechanical structure and neuromuscular control
combine to produce amazing dexterous capabilities in a way that is still not fully
understood. The Anatomically Correct Testbed (ACT) hand is a robotic system that
is designed as a physical simulation of the human hand, and can help us examine
and potentially uncover the roles of biomechanics and neural control in achieving
dexterity.
In this dissertation, I utilize the ACT hand and other robotic systems to
explore the underlying sources of human hand dexterity, with the goal of understand-
ing the fundamental differences between robotic and human hands in terms of (i)
mechanical joint/tendon structure and (ii) control strategies. To begin, I develop
comprehensive mechanical models that describe the musculoskeletal and tendon me-
chanics of the fingers and thumb of the human hand. Then, I work to isolate the
contributions of biomechanical structure and neuromuscular control toward human
dexterity.
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I have developed and implemented control strategies for achieving fine object
manipulation first with the robotic hand of a space humanoid, Robonaut 2, and then
with the ACT hand. I examined the unique control challenges, including uncon-
trollable joints and the requirement of accurate internal models, that arise due to
the human hand’s complex musculotendon structure and the potential advantages
offered by the human hand’s design, such as passive joint coupling to facilitate grasp
shape adaptation and force production capabilities that are ideally suited for common
manipulation tasks. Finally, inspired by the neuromuscular control strategies of the
human hand, I have developed a novel hierarchical control strategy for the ACT hand
and experimentally demonstrated improved grasp stability and manipulation capabil-
ities compared to conventional robotic control laws. Through an in-depth exploration
of human hand biomechanics and neuromuscular control, theoretical control analysis
of robotic and human hands, and experimental demonstration of fine object manip-
ulation, this work uncovers crucial insights into the sources of human hand dexterity
that have the potential to drive innovative design and control strategies and bring
robotic and prosthetic hands closer to human levels of dexterity.
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Chapter 1
Introduction
1.1 Motivation and Goals
The human hand’s impressive dexterity and manipulation capabilities arise
from its complex musculoskeletal structure, biomechanical properties, and neuromus-
cular control in a way that is not fully understood. State-of-the-art robotic hands
are capable of grasping a variety of objects, but the abilities of these hands in fine
object manipulation is quite limited. Superior human dexterity is paradoxical given
the serious biological limitations, including sensorimotor delays and imprecise posi-
tion sensing, compared to existing robotic hands. The Anatomically Correct Testbed
(ACT) hand is designed as a physical simulation platform for examining the under-
lying mechanisms of human hand dexterity (Deshpande et al., 2013b). The ACT
fingers are designed to accurately replicate the bone shapes and musculotendon rout-
ing and structure of the human hand, and sensing and actuation in the ACT hand
also replicates key features of the human hand.
The complex mechanical structure of the human hand, replicated in the ACT
hand, presents unique control challenges not present in other robotic hand systems.
Robotic hands are typically designed with an anthropomorphic joint structure, such
that they can utilize tools and objects designed for use by human hands, but with a
relatively simple transmission between actuators and joints to facilitate more straight-
forward control. By comparison, the human hand has a highly nonlinear transmission
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between the actuators (muscles) and joints due to its variable muscle moment arms
and interconnected tendon networks (Deshpande et al., 2010; Niehues and Deshpande,
2017; Niehues et al., 2017), resulting in a complex joint control problem where mul-
tiple muscles must work in a highly coordinated fashion to achieve even simple joint
motions (Deshpande et al., 2013a).
In this dissertation, I utilize the ACT hand, along with other robotic systems,
to explore the underlying sources of human hand dexterity. In the process, the unique
advantages and control challenges presented by the human hand’s complex muscu-
loskeletal structure are uncovered and explored, along with the roles of neuromuscular
control on hand dexterity and robustness. This research provides a direct comparison
between robotic and human hands, which can be applied to improve the design and
control of robotic/prosthetic hands and to provide crucial insights to the fields of
hand biomechanics and neuromuscular control.
1.2 Comparing the Design and Control of Existing Robotic
Hands and the Human Hand System
In this section, I will compare the musculoskeletal structure of the human hand
with the mechanical design of existing robotic hands, then describe the fundamen-
tal differences between typical robotic control algorithms and neuromuscular control
strategies observed in humans. I also explore how the ACT hand can be utilized as
a research platform to better understand the underlying reasons for the significant
performance gap that exists between human and robotic hands.
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1.2.1 State of the Art Robotic Hand Designs
While robotic hands are commonly designed with anthropomorphic shapes to
allow human-like interactions with tools and objects, they do not possess human-like
mechanical properties or actuation methods. Some robotic hands employ actuators
directly connected to the joints (Butterfaß et al., 2001). However, the majority of
robotic hand designs implement tendon-driven actuation they allow remote actuator
placement, lower apparent finger inertia, and greater robustness to impacts. One
common tendon arrangement is theN+1 configuration where the number of tendons is
one more than the number of joints, which represents the minimum number of tendons
for finger controllability (Bridgwater et al., 2012; Ficuciello et al., 2011; Melchiorri
et al., 2013). Antagonistic 2N tendon arrangements have also been implemented,
allowing straightforward independent joint control and, in cases with nonlinear tendon
elasticity, independent joint stiffness regulation through co-contraction (Lee et al.,
1994; Grebenstein et al., 2012). In all cases, great care must be taken to minimize
friction as much as possible to facilitate accurate force and position tracking (Friedl
et al., 2015).
Robotic hands are also often designed with a level of intrinsic passive compli-
ance for increased robustness, safe environmental interactions, and fine force control
capabilities. Examples include the variable stiffness design of the DLR Awiwi Hand
(Grebenstein et al., 2012) and compliant twisted-string actuators of the UB Hand
IV (Melchiorri et al., 2013). Additionally, in systems with highly geared position-
controlled actuators, such as Robonaut 2 (Bridgwater et al., 2012), or with tension
sensors that operate based on load-based deflection (Palli and Pirozzi, 2011), a level
of series elasticity is explicitly required to achieve fine force control.
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1.2.2 Human Hand Musculoskeletal Structure
Human fingers each have four joint degrees of freedom (DOFs) articulated by
six1 muscle-tendon units. There are two extrinsic2 flexor muscles that route along the
palmar side of each finger and insert directly into the distal and medial phalanx. The
extrinsic extensor muscle and three intrinsic3 muscles join to form an interconnected
extensor mechanism that slides along the finger’s dorsal surface. The human thumb
has five joint DOFs articulated by eight4 muscle-tendon units.
The way muscle forces act to produce torques at the finger and thumb joints
can be defined by muscle moment arms, which vary nonlinearly as a function of joint
posture (An et al., 1983; Smutz et al., 1998) and of applied load, due to the inherent
viscoelasticity of tendon paths (Pearlman et al., 2004). Additionally, in human fingers,
muscle tensions are distributed through the branches of the extensor mechanism as a
complex function of posture, muscle forces, and interaction forces/torques (Lee et al.,
2008; Valero-Cuevas et al., 2007; Niehues et al., 2017), which results in a passive
coupling effect at the two interphalangeal joints and produces the natural curling
motion observed in human fingers (Leijnse et al., 2010).
1The index and little fingers also have seventh muscles in the form of extra extensor muscles,
namely the extensor indicis and extensor digiti minimi, that act to increase their independence of
motion from the other fingers. For single finger control, these muscles have equivalent functions
as the common extensor muscles (Brand and Hollister, 1999), and thus in this work the extensor
muscles in these fingers are combined into a single muscle-tendon unit.
2Extrinsic refers to muscles located in the forearm.
3Intrinsic refers to muscles located in the hand.
4The adductor pollicis thumb muscle is commonly considered to consist of two separate muscle
heads, oblique and transverse. Because these two heads have identical insertion points and relatively
similar tendon paths and functionality, the adductor pollicis is considered as a single muscle in much
of this work and in the ACT thumb.
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1.2.3 Robotic Control Strategies for Dexterous Manipulation
The ability to control both the positions and applied forces of a robotic hand’s
end-tips is crucial when performing fine manipulation tasks. Impedance control rep-
resents an ideal control strategy for interacting with the external environment in
an intuitive manner (Hogan, 1985). Impedance control can implemented in various
ways, such as in tendon-space, joint-space (Abdallah et al., 2010; Chalon et al., 2011),
or Cartesian-space (Biagiotti et al., 2003), depending on the task requirements and
goals.
Object manipulation capabilities have been experimentally demonstrated in
the literature for many different robotic hand systems. General overviews of dexterous
manipulation can be found in the works of Bicchi (2000), Okamura et al. (2000), and
Wimbo¨ck et al. (2012). For in-hand manipulation, it is beneficial to extend the
control law to act in a virtual object frame to allow simultaneous regulation of the
object’s 3-D position and orientation, applied external forces/torques, and internal
grasp forces (Schneider and Cannon, 1992). Various object-level control strategies
have been developed and experimentally tested with joint torque-controlled hands,
such as the DLR Hand II (Wimbo¨ck et al., 2006, 2012).
In tendon-driven robotic hand systems, the transmission from actuator-space
to joint- and endtip-space is typically intentionally designed to be relatively straight-
forward. Fine manipulation has been demonstrated in several fully controllable
tendon-driven hands, such as the planar hand of Lee et al. (1994) and the 2N Shadow
Hand (Shadow Robot Company, 2017). Manipulation capabilities have also been
demonstrated in under-actuated hands like the iHY Hand in a limited but useful
workspace (Odhner and Dollar, 2015).
5
1.2.4 Human Neuromuscular Control
The neuromuscular control strategies of the central nervous system (CNS)
afford our hands dexterity by exploiting certain aspects of the hand’s complex biome-
chanical structure while also mitigating the inherent biological limitations. For exam-
ple, the significant sensorimotor delay that exists between the sensory organs, CNS,
and muscles makes pure feedback control infeasible for dexterous tasks (Morasso,
2011). Instead, the CNS takes advantage of the natural impedance-like behavior of
muscles to achieve robustness in uncertain environments and fast reactions to dis-
turbances (Gribble et al., 1998; Burdet et al., 2001). Additionally, accurate internal
models of both hand biomechanics and the external environment are utilized by the
CNS for control during complex manipulation tasks (Flanagan et al., 2006; Milner
et al., 2007).
1.2.5 The Anatomically Correct Testbed (ACT) Hand
The ACT hand provides us with a unique research platform for understand-
ing how human biomechanics and neuromuscular control combine to achieve amazing
dexterity. From a mechanical design standpoint, it is still an open question whether
aspects of the human hand’s complex musculoskeletal structure would also be advan-
tageous if implemented in robotic hands. Because moment arms vary significantly
as a function of joint posture and muscle force inputs in some cases are distributed
through interconnected tendon networks, the joint control problem becomes signifi-
cantly more complex than for most other robotic hands (Deshpande et al., 2013a).
Additionally, the ACT hand, consistent with human anatomy, has multiple uncon-
trollable joint DOFs (e.g. finger distal joints), making it an under-actuated system.
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Experimental analysis with the ACT hand can provide key insights into the
benefits and drawbacks of human-like joint and tendon structure, which can be uti-
lized to improve robotic and prosthetic hand design and bring them closer to human
hand capabilities. While the ACT hand’s human-like structure represents a challeng-
ing control problem, the results in this work demonstrate the viability of such complex
tendon-driven hand designs for dexterous tasks, which will hopefully encourage re-
searchers to pursue innovative robotic hand designs that draw inspiration from the
human system.
1.3 Contributions
The major novel contributions of this dissertation are:
• A generalized modeling for complex interconnected tendon systems is developed
and validated, with the specific goal of modeling the mechanical structure of
the human finger. The key feature of this model is its ability to predict how
muscle forces will transmit through an interconnected tendon network based
on tendon kinematics and the current joint posture, so that the transformation
from input muscle forces to output joint torques and fingertip forces is accurately
represented. The feasibility of this model is evaluated by using a tendon-driven
robotic finger testbed, and subsequently used to explore the unique features of
the extensor mechanism.
• The ACT thumb is validated as a physical model of the human thumb, capable of
faithfully representing human. Experimental results demonstrate that the ACT
thumb is capable of replicating human thumb musculoskeletal structure and
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muscle functionality, provided tendon routing is properly adjusted to account
for load-dependent moment arm changes that occur naturally in human thumbs.
• An object-space stiffness control algorithm is developed for the Robonaut 2
(R2) hand with the goal of performing fine object manipulation. The com-
bined Cartesian end-tip control and object-space manipulation control algo-
rithms are tested experimentally on the R2 hand, with results demonstrating
tracking performance and robustness while simultaneously controlling object
position/orientation, external interaction forces, and grasp forces.
• An object-space control algorithm is developed for the human-like musculoskele-
tal structure of the ACT hand to perform fine object manipulation. Using only
proprioceptive feedback in the form of muscle force and position sensing, Carte-
sian control of finger and thumb end-tips is achieved by utilizing models of the
ACT hand’s tendon and joint structure. Experimental testing of the object-
space stiffness control law with limited integral action demonstrates accurate
tracking of the grasped object’s 3-D position and orientation. Control analysis
and experimental results with the ACT hand provide significant insights into
the controllability and functionality of the human hand’s mechanical structure
for dexterous manipulation tasks.
• Finally, inspired by the hierarchical structure of the human neuromuscular sys-
tem, a novel muscle-space stiffness control strategy is developed that implements
low-level stiffness in muscle-space but can also emulate a separate object-space
stiffness in quasi-static conditions. First, analytical modeling techniques and
experimental ACT hand testing are used to identify the limitations of object-
space stiffness control gains based on the inherent compliance of the robotic
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system, object size/shape, and applied grasp forces. Then, for the developed
human-inspired muscle-space control strategy, experimental ACT hand manip-
ulation tests are performed to demonstrate the ability to significantly increase
quasi-static object stiffness without sacrificing grasp stability, which can signif-
icantly improve manipulation capabilities.
1.4 Dissertation Outline
This dissertation is organized as follows. In Chapter 2, analytical and physical
models of the human fingers and thumb are developed that (i) accurately represent-
ing the complex transformation from input muscle forces to output joint torques and
end-tip forces and (ii) confirm that the ACT hand is capable of faithfully represent-
ing human musculoskeletal structure and muscle functionality. End-tip Cartesian
and object-space control algorithms are developed and experimentally tested for the
anthropomorphic tendon-driven Robonaut 2 hand in Chapter 3, and then for the
human-like musculoskeletal structure of the ACT hand in Chapter 4. Finally, in
Chapter 5, analytical modeling and ACT hand experimentation are utilized to ex-
plore the passivity bounds on object stiffness controllers for grasp stability, then a
novel muscle-space control strategy is developed that draws inspiration from the the
human neuromuscular system.
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Chapter 2
Mechanical Modeling of the Human Hand
In this chapter, I develop analytical and physical models of that capture the
complex biomechanical structure of the human hand. First, I create mechanical mod-
els for the interconnected tendon network of the human finger extensor mechanism,
and then validate the model’s accuracy using a robotic finger testbed. Then, I utilize
the ACT thumb as a physical simulation of the human thumb in order to study the
functional effects of the thumb’s unique joint and tendon structure.
2.1 Modeling the Human Finger Extensor Mechanism
The interconnected tendon structure of the human finger results in a complex
relationship between the input muscle forces and the output joint torques and fingertip
forces. The distribution of muscle tensions through the extensor mechanism, which
is a network of interconnected tendons on the dorsal surface of human fingers (see
Figure 2.1), plays a critical role during everyday finger interactions and dynamic
motions. A biomechanical model that fully captures the complex interactions within
this interconnected tendon system would allow for an in-depth exploration of the
Portions of this chapter have been previously published in the proceedings of the 2017 IEEE
International Conference on Robotics and Automation (ICRA) (Niehues et al., 2017) and in the
ASME Journal of Biomechanical Engineering (Niehues and Deshpande, 2017).
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Figure 2.1: Human finger schematic. The four finger degrees of freedom, metacar-
pophalangeal (MCP) abduction/adduction (ab/ad), MCP flexion/extension, proxi-
mal interphalangeal (PIP), and distal interphalangeal (DIP) joints, are actuated by six
muscles: extensor digitorum communis (EDC), lumbrical (LUM), ulnar interosseous
(UI), radial interosseous (RI), flexor digitorum profundus (FDP), and flexor digito-
rum superficialis (FDS). The extensor mechanism consists of seven connecting tendons
that converge to two lateral bands (LBs), the extensor slip (ES), and the terminal
extensor (TE). In this model, the RI inserts directly into the proximal phalange (An
et al., 1983).
unique features and functionality of the human finger.
In previous works of human finger modeling, tension distribution through the
extensor mechanism has commonly been defined by constant ratios that split muscle
forces between the various connecting tendons (Chao and An, 1978; Valero-Cuevas
et al., 1998). A constant tension distribution may be valid in specific circumstances,
i.e. static force production of a single muscle, but in reality the tension distribution
ratios can vary significantly as a function of joint posture (Lee et al., 2008), rela-
tive activation levels of multiple muscles (Valero-Cuevas et al., 2007), and external
forces/torques being applied to the finger.
Research efforts have also been made to develop more advanced models that
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capture the kinematics of the human finger extensor mechanism and accurately pre-
dict how muscle forces distribute through the extensor mechanism in different sce-
narios. Kinematic models of the extensor mechanism have been developed with a
strong focus on interphalangeal joint coupling (Leijnse and Kalker, 1995; Leijnse
et al., 2010), but they have not been extended to model the transmission of muscle
forces through the network. Other researchers have used optimization methods to
determine tension distribution ratios within the extensor mechanism (Buchner et al.,
1988; Brook et al., 1995). While this provides a level of insight into the effects of
tension distribution variations, it cannot be considered a working mechanical model.
Recently, more complete and accurate models of interconnected tendon systems, such
as the custom computational modeling environment of Valero-Cuevas et al. (2007)
or bond graph tendon model of King (2015), have been developed that are capable
of capturing tension distribution as a function of system states, muscle inputs, and
external interaction forces. These models require iterative numerical methods (i.e.
a relaxation algorithm (Valero-Cuevas et al., 2007) or forward dynamic simulation
(King, 2015)) to determine the equilibrium state of the extensor mechanism, which
restricts their application. Our goal in this work is to create a finger model that ac-
curately captures extensor mechanism mechanics, is computationally efficient, and is
versatile for multiple applications, e.g. for dynamic simulation, forward/inverse force
prediction, or real-time implementation.
In this chapter, I will develop and validate a generalized framework for model-
ing interconnected tendon systems. The functionality of the model is demonstrated by
implementing a basic human finger model, and simulations demonstrate how dynamic
variations in tension distribution are captured. Then, the model is tested and vali-
dated using a tendon-driven robotic finger testbed with human-like tendon structure.
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A system identification method is introduced that utilizes observed interphalangeal
joint coupling, which directly correlates to the structure and routing of the extensor
mechanism, to improve model parameter estimation. Finally, I analyze the model’s
ability to accurately predict the force/torque transformations between the muscles,
joints, and fingertip of the robotic finger.
2.1.1 Modeling of Interconnected Tendon Systems
In this section, a comprehensive framework is presented for the mechanical
modeling of complex interconnected tendon networks.
2.1.1.1 Force/Torque Relationships
One of the challenges when modeling complex tendon systems lies in identi-
fying the effective moment arm matrix R that describes how muscle forces (fm) are
converted into joint torques (τ ). In general, the effective moment arms are considered
a function of joint angles (θ), such that:
τ = R(θ)fm (2.1)
In addition to posture-dependent changes in tendon lines of action (e.g. tendon bow-
stringing), joint angles also determine how muscle forces are distributed through the
tendon network at any instant in time. Note that there may also exist load-dependent
viscoelastic deformations, such that R is also a function of fm. The modeling frame-
work presented here is capable of including load-dependent effects, but they are not
included in this work.
To begin, moment arm functions are identified for each tendon segment. In
a physical sense, these correspond to the perpendicular distance between a tendon’s
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instantaneous line of action and the joint’s axis of rotation. The matrix Rm(θ) is
defined as a direct moment arm matrix containing instances where muscles directly
cross the joints; in the human index finger, this matrix would contain all metacar-
pophalangeal (MCP) joint moment arms and all FDP and FDS moment arms (see
Figure 2.1). The connecting tendon moment arm matrix Rct(θ) holds moment arm
functions for all connecting tendon segments, e.g. the segments that make up the
human finger extensor mechanism (segments numbered 1-7 in Figure 2.1). Thus, the
total set of joint torques being applied to the system is defined as
τ = Rm(θ)fm +Rct(θ)fct (2.2)
Methods exist in the literature for identifying the moment arms Rm(θ) and
Rct(θ) in human fingers (An et al., 1983; Fowler et al., 2001; Deshpande et al., 2010).
The only remaining unknown term is fct, the tension in the connecting tendons. In
the next section, the tendon kinematics are analyzed to quantify how muscle forces
transmit to connecting tendons depending on joint posture.
2.1.1.2 Tension Distribution
Here, a method is described for finding the tension distribution matrix T (θ)
that quantifies how muscle forces transmit through junctions to the connecting ten-
dons:
fct = T (θ)fm (2.3)
The schematic in Figure 2.2 shows a single muscle splitting into multiple connecting
tendons.
To begin, the relative tendon length changes that occur as a function of joint
14
fm,i
Kct
...
j=1
j=2
j=nct
...~
Connecting
Tendonsjunc,i
ct(θ)
Not connected to
muscle i (c
ij
=0)
Muscle-Tendon
Junction
Joint-Dependent
Length Changes
Tendon
Stinesses
~
Figure 2.2: Schematic of junction between muscle i and connecting tendons.
angles are found through integration of Rct(θ):
`ct(θ) =
∫
RTct(θ)dθ + `ct,init (2.4)
where `ct,init describes the tendon resting lengths when all joint angles are zero.
Next, given `ct(θ) and the muscle force fm,i applied by only muscle i, the
resulting tensions fct,i in the connecting tendons are found. Connecting tendon stiff-
nesses are located in the diagonal matrix Kct. In order to account for the fact that
zero force can be transmitted to tendons that are not attached to muscle i, a constant
tendon connection matrix C is defined of the same size as T (θ), where cji = 1 if con-
necting tendon j is attached to muscle i and cji = 0 otherwise. Then, the effective
connecting stiffness matrix Kct,i for muscle i can be calculated as:
Kct,i = diag(Ci)Kct (2.5)
where Ci is the i
th column of C. In this way, if tendon j is not attached to muscle
i (e.g. tendon j = 2 in Figure 2.2), element j of Kct,i is zero, so that no force from
muscle i transfers to tendon j.
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Then, the connecting tendon tensions that result from muscle force i can be
found as:
fct,i = Kct,i
[
`junc,i − `ct(θ)
]+
(2.6)
where `junc,i is the muscle junction position (see Figure 2.2) and [x]
+ is an element-
wise operator such that x+k = 0 for xk ≤ 0 and x+k = xk otherwise, which is required
since tendons can only apply pulling forces. From static force analysis at the junction
point, total muscle force fm,i is equal to the sum of connecting tendon tensions fct,i:
fm,i =
nct∑
j=1
fct,ij =
nct∑
j=1
kct,i,j
[
`junc,i − `ct,j(θ)
]+
(2.7)
Assuming knowledge of joint position θ and applied muscle force fm,i, Equa-
tion (2.7) can be solved for the junction position `junc,i. Then, Equation (2.6) is used
to calculate the connecting tendon forces fct,i that result from applied force fmi, which
is expressed as the function fct,i(θ, fm,i). Then, from Equation (2.3), the i
th column
of T is:
Ti(θ, fm,i) =
1
fm,i
· fct,i(θ, fm,i) (2.8)
An exception occurs when Ci is a zero vector; in this case, muscle i has no connections
and Ti is simply a zero vector.
With Equation (2.8), the way applied muscle forces will distribute through
the connecting tendons as a function of θ and fm can be determined. In order to
produce a linear force-torque relationship as in Equation (2.1), Equation (2.8) can be
approximated for a constant operating muscle force fm0, such that
Ti(θ) u
1
fm0
· fct,i(θ, fm0) (2.9)
The effects of such an approximation will be explored in the next section.
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Now, knowing T (θ) and combining Equations (2.1), (2.2), and (2.3), the ef-
fective moment arm matrix can be identified as:
R(θ) = Rm(θ) +Rct(θ)T (θ) (2.10)
With this, the joint torques τ that will be produced for any joint configuration θ and
combination of muscle forces fm can be found using Equation (2.1).
The change in muscle lengths `m(θ), without considering the effects of tendon
compliance, can be found as:
`m(θ) =
∫
RT (θ)dθ (2.11)
2.1.2 Case Study: Human Finger Simulation Model
In this section, the presented framework is implemented to model the human
finger (Figure 2.1), with a particular focus on effective muscle moment arm variations
due to changing tension distribution through the extensor mechanism. The finger
is considered to be a planar system for simplicity, and the order of muscles and
connecting tendons is defined as in Figure 2.1. The moment arm functions Rm(θ) ∈
R3×6 and Rct(θ) ∈ R3×7 can be found in Table 2.1, and are equivalent to those
proposed by Leijnse and Kalker (1995). The connection matrix C ∈ R7×6 is populated
with ones at elements c13, c23, c31, c41, c51, c62, and c72, and zeros elsewhere. The
matrix Kct = diag ([43, 75, 40, 126, 40, 75, 43])
N
mm
is defined based on human data
from the work of Garcia-Elias et al. (1991b), a nominal operating force is chosen for
all muscles to be fm0 = 10 N , and it’s assumed all connecting tendons are taut when
joint angles are zero (`ct,init = 0).
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Table 2.1: Tendon moment arms for human finger model.
Simple Moment Arms (Rm)
EDC LUM UI RI FDP FDS
MCP Ab/Ad 1 -5 6 -6 1 1
MCP Flex -9 9 6 6 11 13
PIP — — — — 10.5 8.5
DIP — — — — 6 —
Connecting Tendon Moment Arms (Rct)
1 2 3 4 5 6 7
MCP Ab/Ad — — — — — — —
MCP Flex — — — — — — —
PIP rLB
∗ -5 rLB∗ -5 rLB∗ -5 rLB∗
DIP -4 — -4 — -4 — -4
Note: Moment arms taken from the work of Leijnse and Kalker (1995).
* rLB = −5
[
1− 2θ3
pi/2
+
θ23
(pi/2)2
]
, where θ3 is PIP angle in radians.
2.1.2.1 Posture-Dependent Effective Moment Arms
The effective muscle moment arms of the muscles connected to the extensor
mechanism (Figure 2.3) show a sharp switching behavior as various connecting ten-
dons become taut or slack. The curve along which a sharp moment arm change occurs
represents the IP coupling curve (Figure 2.3b). The effective PIP and DIP moment
arms on each side of the coupling curve tend to stabilize the system toward the curve,
producing the coordinated IP joint motions observed in human fingers (Leijnse et al.,
1992). The location and shape of the IP coupling curve depends on model param-
eters. Changes to connecting tendon rest lengths (`ct,init) act to translate the IP
coupling curve up or down. Its slope and curvature are determined by the moment
arm functions of the LB, ES, and TE tendons in Rct(θ).
How sharply the effective moment arms switch depends upon the connecting
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Figure 2.3: Posture-dependent effective moment arms of extensor mechanism muscles.
(a) Tendon schematic for the EDC muscle. The dashed lines in place of tendons 1,
2, 6, and 7 signify they do not attach to the EDC, i.e. cj1 = 0. The lengths of
connecting tendons that do attach to the EDC can be found using Equation (2.4).
(b) Contour plot of the effective EDC moment arm across the PIP, as a function
of PIP and DIP joint angle. In the top left section above the IP coupling curve,
`ct,3  `ct,4, so all EDC force transmits through the LBs to the TE; in the bottom
right section, `ct,3  `ct,4, so force transmits to the ES. (c) Section view of EDC,
LUM, and UI moment arm functions for constant DIP angle θDIP = 45
o. The EDC,
LUM, and UI moment arms are equal to rLB(θ) when LBs are taut (where rLB is
defined in Table 2.1), then sharply shift down to rES = −5 mm as the tension shifts
to the ES. (d) Enlarged view near the switching point.
tendon stiffnesses Kct and the chosen operating force fm0. The LUM and UI show
less sharp moment arm changes than the EDC because of their relatively less stiff
connecting tendons (Figure 2.3d). A higher value of chosen operating muscle force
fm0 also results in a less sharp change; conversely, as fm0 → 0, moment arm switch-
ing becomes instantaneous. The approximation in Equation (2.9) has the effect of
setting a constant slope of moment arm switching, as opposed to a slope that varies
dynamically as a function of muscle input force. In this work, the switching slope does
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Figure 2.4: Simulation of a human finger model. Because dynamic response is not
critical for our analysis, finger inertia and damping are chosen heuristically to produce
a fast, damped response. (a) Simulation conditions and input muscle forces. Fingertip
translational position is stiﬄy constrained, while fingertip angle is allowed to rotate
freely, replicating a hard point contact with no slipping. (b) Simulated joint angles.
Tensions in the muscles of the extensor mechanism act to stabilize the finger in a
coupled pose. (c) Force distribution to connecting tendons (fct), which change in
response to disturbance forces such as the activation of the FDP or FDS. (d) Fingertip
force contribution from only the extensor mechanism muscles (EDC, LUM, and UI).
Changes in tension distribution alter the resultant fingertip force produced by these
muscles, despite constant input muscle tensions and minimal changes in joint angle.
not play a significant role, so the approximation is desirable for a linear force-torque
relationship as in Equation (2.1).
20
2.1.2.2 Changing Tension Distribution
To demonstrate how muscle tensions dynamically distribute through the ex-
tensor mechanism, a simulation study of a finger is performed with a fingertip con-
straint that replicates a hard point contact (Figure 2.4). Activation of any extensor
mechanism muscles (i.e. EDC, LUM, or UI) tends to stabilize the PIP and DIP an-
gles toward the IP coupling curve. Then, when a disturbance is introduced, in this
case through activation of the FDP or FDS, small joint angle changes dynamically
alter the tension distribution to connecting tendons (Figure 2.4c) until the system
re-stabilizes to a new equilibrium state. These tension distribution variations change
the effective moment arms of extensor mechanism muscles, and thus also change their
contribution to force production at the fingertip (Figure 2.4d).
2.1.3 Experimental Validation of Tendon Modeling Framework
The proposed tendon model is tested and validated using a robotic finger
with customizable tendon routing (Figure 2.5). In this section, the methods used to
identifying model parameters for the robotic finger testbed with human-like tendon
structure are described. Then, the capabilities of the interconnected tendon model
are demonstrated for capturing complex muscle-to-fingertip force transformations.
2.1.3.1 Experimental Setup
In this work, the tendon routing and interconnections of the robotic finger were
designed to mimic human finger structure. The tendons implemented correspond
to the two flexors (FDP and FDS), extensor (EDC), and LUM muscles. In order
to provide insights that are significant for our complex tendon model, focus is not
directed toward lateral fingertip forces that depend only upon MCP ab/ad moment
21
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Figure 2.5: Robotic finger testbed with customizable tendon routing, originally de-
signed and manufactured by Si Tech Engineering (Snoqualmie, WA). Tendons are
connected to force-controllable moving coil linear actuators (LCA50-050-75-2, SMAC
Corporation, Carlsbad, CA) with in-line tension load cells (MLP-10, Transducer Tech-
niques, LLC, Temecula, CA). Finger joints contain embedded angle sensors (AS5048
Magnetic Rotary Encoder, ams AG, Premstaetten, Austria). For fingertip force anal-
ysis, a grounded six-axis force/torque transducer (F/T Nano17 SI-50-0.5, ATI Indus-
trial Automation, Garner, NC) is connected to the fingertip using an adapter that
constrains fingertip position but allows free rotation of the distal link.
arms. The interosseous muscles are not included because the UI has a virtually
identical function as the LUM in the lateral x-y plane and the RI acts only on the
MCP joint. For fingertip force analysis, fingertip position is constrained but the distal
link is allowed to freely rotate, simulating a hard point contact at the fingertip.
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Figure 2.6: Model parameter identification to correctly replicate observed IP cou-
pling. (a) With the extensor mechanism muscles (EDC and LUM) taut, FDP con-
traction/extension results in PIP/DIP joint motions along the coupling curve. (b) To
replicate the observed IP coupling in the model, a constraint is enforced that the LB
and ES are both taut along this curve, or `LB(θ) = `ES(θ). The DIP moment arm of
the TE and PIP moment arm of the ES are assumed to be constant, while the PIP
moment arm of the LB is modeled as a first-order function of PIP angle.
2.1.3.2 Model Parameter Identification
To identify tendon moment arms, extensive tendon kinematic data is collected
by measuring tendon excursions as the joints are moved through their range of motion.
Then, moment arms can be determined by finding the gradient of a forward kinematic
mapping (An et al., 1983; Deshpande et al., 2010). The direct moment arm functions
Rm(θ) were estimated by fitting a second-order forward kinematics function, i.e.
ˆ`
m(θ) =
1
2
A
(
θ2
)
+Bθ+c, using a least-square regression (LSR) of tendon kinematic
data. Through differentiation rij(θ) =
∂ ˆ`m,j
∂θi
= ajiθi + bji, first-order moment arm
functions are found to populate Rm(θ), which are considered sufficient to capture
the angle-dependent moment arm variations in our system. Where muscles do not
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directly cross the joints, the corresponding elements of Rm are set to zero.
Next, in order to identify the moment arm parameters Rct and resting lengths
`ct,init of connecting tendons, tendon kinematic data is combined with additional
motion data to identify finger joint coupling. A nonlinear optimization problem is
formulated to minimize error between the predicted excursions `m(θ) from Equa-
tion (2.11) and tendon excursion measurements while simultaneously enforcing the
constraint to reproduce observed IP coupling (see Figure 2.6 for details). Including IP
coupling data in the parameter identification process reduces the parameter solution
space, leading to more robust and accurate parameter estimation. The optimized
model results in a muscle excursion RMS error of 1.54 mm for a kinematic data set
of 700 points.
2.1.3.3 Forward Problem: Fingertip Force Prediction
Here, the accuracy of prediction of the fingertip force vector that will be pro-
duced by a given combination of applied muscle forces is examined. Joint angle
measurements θ are used to calculate the Jacobian matrix that transforms fingertip
forces fx = [fx, fy, fz, τdist]
T , where τdist is an external torque applied to the distal
phalange, into joint torques:
τ = JT (θ)fx (2.12)
As long as the finger is not in a singularity position, the Jacobian is a full-rank matrix,
meaning the inverse relation fx = J
−T (θ)τ can also be calculated.
Because the joint-dependent effective moment arm functions change abruptly
near the IP coupling curve, it is infeasible to use joint angle measurements to directly
determine R(θ). In our setup or during any hard point contact, the distal link
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of the finger can freely rotate about that contact point, such that τdist ≈ 0. One
possible method is to input measured muscle forces into a forward simulation to
find where the system stabilizes, which would provide the tension distribution and
effective moment arms R(θ) as functions of time. However, the system ordinary
differential equations (ODEs) become very stiff near the IP coupling curve, which
causes numerical ODE solutions to become computationally inefficient and unreliable.
An alternative method that is used here is to directly identify the tension distribution
ratios using an optimization that minimizes |τdist| for a given set of muscle forces.
Experimental results in Figure 2.7 demonstrate the model’s forward predic-
tion capabilities for chosen combinations of muscle forces. It was verified that the
optimization method produces identical results when compared to forward simulation
after settling of transient effects, but optimization is computationally much more ef-
ficient. The tendon structure is designed with similar tendon stiffnesses and tension
switching curves for the EDC and LUM, such that the tension distribution ratios are
approximately equivalent in all postures. Thus, it’s assumed one parameter α ∈ [0, 1]
is required, where α of the EDC and LUM tensions transmit to the ES and the other
(1− α) transmit to the TE.
The interconnected tendon model provides a relatively accurate prediction
of fingertip force (Figure 2.7b, top). It was suspected that the errors were caused
by unmodeled frictional effects at tendon routing points. Thus, in a separate test,
the EDC and LUM were held taut at 5 N , then the finger was slightly disturbed in
multiple directions and allowed return to its original pose. A fingertip force hysteresis
of up to ±0.5 N was observed, oriented primarily in the x-direction. This corresponds
well to the observed prediction errors, supporting the claim that friction is the cause
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Figure 2.7: Experimental results for forward model predictions. (a) Chosen muscle
force pattern (top) and predicted tension distribution ratio (bottom) represented as
the fraction of EDC and LUM forces that transmit to the ES tendon. Values for the
static tension distribution model, chosen to reproduce single-muscle force production
of the EDC and LUM, are included for comparison. (b) Resultant fingertip forces
in the lateral plane. Actual values are from the fingertip F/T sensor. The top
plot shows fingertip force predictions based on the interconnected tendon model with
muscle forces as input (RMSE = 0.29 N), while the bottom plot shows predictions
based on a static tension distribution model (RMSE = 0.43 N). The static model also
results in a significant fingertip torque, such that a forward simulation of fingertip
point contact would predict unrealistic DIP hyper-extension or hyper-flexion.
of model prediction errors.
Without the ability to capture changes in tension distribution through the
extensor mechanism, a static model fails to accurately predict the fingertip forces
produced when multiple muscles are activated. To demonstrate this, results are also
26
presented using a model with static tension distribution ratios (Figure 2.7b, bottom).
Distribution values were chosen such that when the EDC or LUM are activated in-
dividually (e.g. at t ≈ 6 and t ≈ 36 seconds), fingertip force prediction matches
measured results; however, as multiple muscles become active, forward prediction
using the static model cannot replicate experimental data.
2.1.3.4 Inverse Problem: Muscle Force Prediction
The inverse problem predicts muscle forces given externally applied forces/torques.
This represents an under-determined problem, so optimization is helpful to choose an
appropriate solution depending on a chosen cost function. The optimization problem
is generalized as follows:
minimize
fˆm,α
nm∑
i=1
[
fˆmi − fmi,est
]2
subject to fx = J
−T (θ)R(θ,α)fˆm
fˆmi ≥ 0 , αj ∈ [0, 1]
(2.13)
where fˆm are predicted muscle forces and α contains the necessary tension distribution
ratios to populate the T matrix (i.e. T is a function of α instead of θ). By defining
α explicitly, it is not necessary to include θ as an optimization variable, which could
lead to unexpected results due to the angle-dependent nature of J , Rm, and Rct. As
in the previous case, only one α parameter is required corresponding to both EDC
and LUM tension distribution. Because the UI or RI muscles are not included in
our setup, the row corresponding to lateral force fz is omitted from the equality
constraint.
Muscle force predictions with the interconnected model are significantly more
accurate than a static distribution model (Figure 2.8), even though we provided
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Figure 2.8: Inverse prediction of muscle forces based on measured fingertip forces. (a)
Muscle force prediction using interconnected tendon model (RMSE = 0.61 N). (b)
Prediction using static tension distribution model (RMSE = 0.91 N). In both cases,
actual muscle force values are utilized in the optimization algorithm in Equation (2.13)
as muscle force estimates fm,est.
precise muscle force estimates fm,est from tendon load cells in both cases. Both models
are constrained to produce zero fingertip torque τdist, corresponding to a hard point
contact. In the static model, this constraint forces the FDP and FDS activations to
remain somewhat coordinated, such that their fingertip torque contributions offset. In
the interconnected model, the FDP and FDS muscles can be independently activated
while maintaining zero net fingertip torque because the extensor mechanism naturally
offsets the resulting τdist to hold the finger’s coupled pose.
2.1.3.5 Cartesian Force Control using Complex Tendon Model
Next, we demonstrate the feasibility of implementing the model for active con-
trol of Cartesian fingertip force using the tendon actuators. The controller performs
the optimization in Equation (2.13) with fm,est = 0 to find the least-norm solution of
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Figure 2.9: Experimental results for Cartesian fingertip force control for a circular
commanded force trajectory in the x-y plane of radius 1 N. (a) Measured muscle
tensions and tension distribution ratios for each model. (b) Measured fingertip force
and predictions for the interconnected model (top, RMSE = 0.27 N) and the static
tension distribution model for comparison (bottom, RMSE = 0.57 N). Predicted
forces are calculated using muscle force measurements from tendon load cells, and
differ slightly from original controller force commands due to actuator nonlinearities,
creating slight deformations from the desired unit circle.
muscle forces. We commanded a circular fingertip force profile in the lateral plane,
with zero fingertip torque and no constraint on lateral force production (see Fig-
ure 2.9).
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2.1.4 Discussion
A modeling framework for complex interconnected tendon systems was pre-
sented, and its capabilities are demonstrated using a tendon-driven robotic finger
testbed. Fingertip force prediction was shown to be more accurate than a standard
static tension distribution model, demonstrating the benefit of accurately replicat-
ing muscle force transmission through the extensor mechanism. I also illustrated
the model’s ability to solve the inverse problem, in which muscle forces are esti-
mated based on observed external forces/torques and, if available, rough muscle force
estimates (e.g. EMG measurements). The versatility of the model is further demon-
strated by implementing it directly in a fingertip Cartesian force control algorithm.
The presented results are limited to a simplified human-like tendon structure and
rigid routing points, but this work represents an improvement toward an anatomi-
cally accurate human finger model and a better understanding of the human hand’s
unique functionality.
2.2 Variable Moment Arms and Thumb-Tip Force Produc-
tion of the Human-Like ACT Thumb
The human thumb plays a key role in hand functionality, inspiring researchers
to use several unique methodologies to uncover the thumb’s underlying biomechanical
and neuromuscular properties. Cadaveric studies have proven effective for determin-
ing the thumb’s musculoskeletal structure and biomechanical properties (Smutz et al.,
1998; Pearlman et al., 2004), while in vivo experimentation (Johanson et al., 2001;
Nataraj et al., 2015; Li and Harkness, 2004) allows for observation of the coordinated
muscle activation patterns that produce appropriate thumb motions and forces during
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everyday tasks. Biomechanical thumb modeling (Giurintano et al., 1995; Holzbaur
et al., 2005) is a valuable tool for interpreting the collected human data and providing
a comprehensive understanding of how biomechanical structure and neuromuscular
control each contribute to provide thumb functionality.
Designing a robotic thumb that captures the critical properties of the human
thumb is a challenging task. Thus far researchers have been unable develop a biome-
chanical thumb model that accurately reproduces human data (Valero-Cuevas et al.,
2003; Wohlman and Murray, 2013), most likely due to the thumb’s mechanical com-
plexity, high anatomic variability (Santos and Valero-Cuevas, 2006), and the inherent
challenges of conducting in vivo and cadaveric experiments. Without the existence of
a well-defined thumb model, a definitive claim cannot be made that the ACT thumb
represents a valid human thumb model. Here, I will present an iterative design pro-
cess for the ACT thumb in order to reproduce multiple sources of human thumb
data from literature as closely as possible. Thus far, only preliminary testing has
been performed on the ACT thumb (Chang and Matsuoka, 2006; Deshpande et al.,
2013b).
In this chapter, I analyze the muscle moment arms and thumb-tip force vectors
in the ACT thumb in order to compare the ACT thumb’s mechanical structure to the
human thumb. The nominal ACT thumb tendon structure was designed to closely
match cadaveric moment arm data reported by Smutz et al. (1998). Motion data was
used to determine the joint-dependent ACT muscle moment arms. The ACT thumb’s
human-like muscle functionality was then analyzed by collecting 3-D thumb-tip force
vectors produced when forces were applied to the ACT muscle/tendon units. An
adjusted ACT thumb was designed with slightly altered tendon routing to improve
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the matching of ACT thumb-tip forces to human data reported by Pearlman et al.
(2004). Results are presented for both ACT models, along a sensitivity analysis
to show how changes in tendon moment arms affect thumb-tip forces. Discussion
is provided for choosing the ideal ACT model to best replicate the human thumb’s
mechanics depending on the desired task parameters, such as the expected magnitude
of tendon forces.
2.2.1 Methods
The ACT thumb is designed with the five non-orthogonal, non-intersecting
anatomical degrees of freedom (DOFs) (Giurintano et al., 1995; Hollister et al., 1992,
1995) and eight musculotendon actuator units1 (see Figure 2.10). Details for the
ACT thumb can be found in the work of Deshpande et al. (2013b), and a full model
of the ACT thumb’s joint kinematics can be found in Appendix A.2. While the
internal joint structure is comprised of an aluminum beam structure, the bone shells,
including tendon routing points, are manufactured using an SLA 3-D printer (Form
1+, FormLabs Inc.). Thus, the physical moment arms of the system can be adjusted
by modifying the CAD models and subsequent re-printing of the bone shells.
2.2.1.1 Muscle Moment Arms
To begin, the moment arms of the ACT thumb are compared with cadaveric
thumb moment arm data reported by Smutz et al. (1998). In their work, Smutz
1Note that the ACT hand implements the ADP as a single muscle, whereas in human thumbs
the ADP is commonly described as having two separate heads. This decision was made to simplify
the design of the ACT hand, due to the similar insertions, tendon paths, and functionality of the
two ADP muscle heads. In this work, all human data comparisons for the ADP are for the oblique
head, which more closely matches ACT ADP routing.
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(a)
(b) (c)
Figure 2.10: Musculoskeletal structure of the ACT thumb. (a) The joint axes for
the ACT thumb’s five anatomical DOFs, including flexion/extension and abduc-
tion/adduction of the carpometacarpal (CMC) joint, flexion/extension and abduc-
tion/adduction of the metacarpophalangeal (MCP) joint, and flexion/extension of
the interphalangeal (IP) joint. (b) Dorsal view of the ACT thumb, showing the ad-
ductor pollicis longus (ADP), extensor pollicis longus (EPL), abductor pollicis longus
(APL), extensor pollicis brevis (EPB) tendons. (c) Palmar view showing the flexor
pollicis longus (FPL), flexor pollicis brevis (FPB), opponens (OPP), and abductor
pollicis brevis (APB) tendons.
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et al. (1998) define the CMC flexion/extension and abduction/adduction joint axes
as orthogonal to the plane of the palm, which differs significantly the anatomical
CMC joint axes (Hollister et al., 1992) that are present in the ACT thumb (Chang
and Matsuoka, 2006). Therefore, ACT CMC joint angles are defined with respect to
two virtual CMC joint axes defined orthogonal to the palm for all subsequent moment
arm analyses.
Motion data was individually recorded for each joint using a motion capture
system with active infrared LED markers (PhaseSpace Inc.) while holding all other
joints stationary. The motion capture system has been shown to be sufficiently ac-
curate for finger pose estimation (Yun et al., 2015). Additional validation tests were
performed to verify motion capture accuracy by placing multiple markers on a sin-
gle bone segment and moving the thumb through its range of motion. The resulting
marker distance estimations, which should remain constant, had a standard deviation
of ±0.8 mm and a maximum variation of 2 mm that occurred near joint limits where
markers become more obscured. The maximum variation would result in a joint angle
estimation error of ±4o, which I deem to be acceptable for this study. Muscle excur-
sion data was simultaneously recorded from encoders in the musculotendon actuator
units with the tendons held taut by constant torsion springs.
Three-layer feed-forward neural networks (McCulloch and Pitts, 1943) were
trained for each joint using the MATLAB Neural Network Toolbox (Mathworks Inc.)
with joint angle (θ) as input and muscle lengths (` ∈ R8) as output to find forward
kinematics functions ` = fi(θi) for each joint i = 1, . . . , 5. Posture-dependent moment
arm functions Ri(θi) are found through differentiation:
Ri(θi) =
∂`
∂θi
=
∂fi(θi)
∂θi
(2.14)
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In previous work with the ACT hand, the forward muscle kinematics have
been fitted using either Gaussian process regression (GPR) or LSR with a third-order
polynomial function with fully populated coefficients (Deshpande et al., 2008, 2009,
2010). In this work, I avoid using GPR due to its high computational cost, which
tends to severely limit control loop rates and will become infeasible when attempting
to control multiple fingers simultaneously. I have chosen neural networks because they
have lower computational cost compared to GPR and do not require a user-defined
parametric equation as do LSR and many other smooth optimization techniques. The
number of hidden nodes for each network was chosen heuristically between 3 and 5
to match kinematic data without over-fitting.
2.2.1.2 Thumb-Tip Forces
Next, I collected ACT thumb-tip force data for comparison with cadaveric
data (Pearlman et al., 2004). A multi-axis force/torque sensor (ATI Nano25) was
connected to the ACT thumb-tip while the thumb was statically positioned in ei-
ther key or opposition pinch posture, and muscle forces are manually applied while
recording tendon tensions (Omega DFG55). Thumb-tip force vectors are recorded
while holding muscle tensions equal to the maximum muscle forces applied by (Pearl-
man et al., 2004).
Results will be presented from two distinct tendon routing designs. In the
first case, the tendon origins, routing points, and insertions were specifically designed
to match muscle MAs from cadaveric data (Smutz et al., 1998). However, as other
researchers have also observed (Wohlman and Murray, 2013), a thumb model that
matches reported MAs does not necessarily lead to matching of thumb-tip forces.
Therefore, I also present results from a second ACT tendon routing design with
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slight modifications, informed by a simulation model, to better match reported human
thumb-tip forces.
Finally, the sensitivity of MA variations toward thumb-tip force matching
was analyzed using a computer simulation thumb model. A nominal model based on
human MA data leads to poor thumb-tip force matching, as already stated. Therefore,
MAs and joint angles were optimized to generate a thumb model which accurately
recreates thumb-tip force production of each muscle (see Table 2.3 for details of
optimization). The range of allowable variation were then found for each MA while
holding all others constant, with the requirement that corresponding thumb-tip force
must remain within reported human ranges (Pearlman et al., 2004).
2.2.2 Results
2.2.2.1 Muscle Moment Arms
Using forward kinematic networks trained for each joint and Equation (2.14),
angle-dependent moment arm plots were generated for all five thumb joints (Fig-
ure 2.11) and compared with cadaveric data reported by Smutz et al. (1998). The
neural network models were validated for separately collected test motion data, which
showed a mean absolute error of less than 0.02 mm in all cases. The neural network
moment arm curves were also cross-validated with those generated using GPR with
the same motion data in order to ensure the results are independent of the fitting
method used. The MA plots are very similar for each case, with an average absolute
error of 0.56 ± 0.51 mm for all muscle-joint combinations.
The nominal ACT model, designed to match human thumb moment arms,
falls within experimental ranges in nearly all cases. Limitations preventing exact
MA matching will be explored in more detail in the Discussion section. The adjusted
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Figure 2.11: ACT thumb moment arms for the nominal model designed to match
human MAs (solid lines) and the adjusted model designed to match thumb-tip forces
(dashed lines, where modification was necessary), compared with experimental human
data collected by Smutz et al. (1998) (dotted lines with error bars, mean ± 1 S.D.).
Positive angles and moment arms for ab/ad joints correspond to thumb adduction
(toward the palm).
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Table 2.2: Experimentally collected ACT thumb-tip force data
FPL FPB EPL EPB APL APB ADP OPP
Opposition Pinch
Nominal Model
‖F‖error (%)a 57.8 34.0 51.3 43.6 90.9 17.9 2.1 185.7
φerror (deg)
b 81.3 5.4 25.5 43.7 26.5 31.6 39.4 16.7
Adjusted model
‖F‖error (%)a 10.0 12.3 6.2 0.3 4.5 1.0 —–* 30.2
φerror (deg)
b 6.1 12.5 25.5 31.2 9.2 14.6 —–* 13.2
Key Pinch
Nominal model
‖F‖error (%)a 49.5 60.8 42.0 166.5 15.3 25.1 50.8 129.2
φerror (deg)
b 90.3 8.3 36.4 75.6 26.2 53.3 18.6 2.3
Adjusted model
‖F‖error (%)a 11.1 4.8 29.1 13.6 43.0 23.8 —–* 43.9
φerror (deg)
b 6.2 10.1 27.6 25.8 9.9 24.3 —–* 0.9
a Force magnitude error: ‖F‖error=
∣∣∣‖Fsimulated‖−‖Freported‖‖Freported‖ ∣∣∣. Bold numbers indicate cases in which
thumb-tip force magnitude is within experimental range (mean ± S.D.) reported by Pearlman et al.
(2004).
b Force direction error: φerror = cos
−1
(
Fsimulated · Freported
‖Fsimulated‖‖Freported‖
)
. Bold numbers indicate cases in which
thumb-tip force directionality is within experimental ranges (mean ± S.D.) reported by Pearlman et al.
(2004) in both the radial and dorsal planes (see Figures 2.12-2.13).
* Modification of the ADP tendon was deemed to be unnecessary, because the thumb-tip force vector
already matched human data well enough that it did not require adjustment (see Figures 2.12-2.13).
Thus, the ADP for nominal and adjusted models are identical.
model, designed to better match thumb-tip forces reported by Pearlman et al. (2004),
deviates from human moment arm data and in many cases falls outside of reported
ranges.
2.2.2.2 Thumb-Tip Forces
The thumb-tip force vectors produced by each muscle are next compared to
cadaveric data from Pearlman et al. (2004). The nominal model did not match
the reported force vectors in the majority of cases in either opposition or key pinch
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postures, as seen in Table 2.2. However, in the adjusted model, tendon routing
adjustments based on static thumb simulations lead to dramatically improved thumb-
tip force matching, with nearly all thumb-tip forces falling within reported ranges (see
Table 2.2 and Figures 2.12-2.13).
The moment arm sensitivity analysis indicates the necessary precision for
thumb-tip force matching (Table 2.3). In general, flexion/extension moment arms
required higher precision than abduction/adduction, likely due to the sensitivity of
force magnitude and direction in the radial plane to the relative values of flexor mo-
ment arms. Additionally, thumb-tip forces are much more sensitive to moment arm
variations in opposition pinch as compared to key pinch. This because the MCP
joint is less flexed in opposition pinch (10o vs. 45o), meaning the thumb is closer to
a kinematic singularity position, near which small changes in joint torques result in
large deviations in end-tip force.
2.2.3 Discussion
Our results show that the ACT thumb is capable of faithfully representing
human thumb mechanical structure and muscle functionality. It has been noted in
the literature that the moment arms reported by Smutz et al. (1998) should not be
considered definitive (Wohlman and Murray, 2013; Pearlman et al., 2004). Therefore,
a nominal ACT model is created first based on data from Smutz et al. (1998). Then,
informed by our static computer simulation model and sensitivity analysis (Table 2.3),
the necessary modifications to ACT tendon routing are determined to create an ad-
justed ACT model that better replicates thumb muscle functionality and thumb-tip
force production as reported by Pearlman et al. (2004).
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Figure 2.12: Thumb-tip force data from the ACT thumb in key pinch posture, i.e.
thumb-tip touching index finger PIP joint, when forces are applied to each thumb
muscle individually. All data is rotated to apply to a right hand. Muscle force values
are identical to the maximum forces from cadaveric experiments from Pearlman et al.
(2004). (a) Nominal ACT thumb model, designed to match cadaveric moment arm
measurements from Smutz et al. (1998). (b) Adjusted ACT thumb model, re-designed
to better match thumb-tip forces from Pearlman et al. (2004). Solid lines represent
experimental force vectors from the ACT thumb, and dashed arcs represent the mag-
nitude (mean) and angle (mean ± S.D.) of cadaveric data reported by Pearlman et al.
(2004). The force vector is said to show a good directional match if it falls within the
corresponding dashed arc. Actual values are reported in Table 2.2.
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Figure 2.13: Thumb-tip force data from the ACT thumb in opposition pinch posture,
i.e. thumb-tip touching index fingertip, when forces are applied to each thumb muscle
individually. All data is rotated to apply to a right hand. Muscle force values are
identical to the maximum forces from cadaveric experiments from Pearlman et al.
(2004). (a) Nominal ACT thumb model, designed to match cadaveric moment arm
measurements from Smutz et al. (1998). (b) Adjusted ACT thumb model, re-designed
to better match thumb-tip forces from Pearlman et al. (2004). Solid lines represent
experimental force vectors from the ACT thumb, and dashed arcs represent the mag-
nitude (mean) and angle (mean ± S.D.) of cadaveric data reported by Pearlman et al.
(2004). The force vector is said to show a good directional match if it falls within the
corresponding dashed arc. Actual values are reported in Table 2.2.
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Table 2.3: Sensitivity analysis of thumb-tip force production
FPL FPB EPL EPB APL APB ADP OPP
Opposition Pinch
Nominal model
‖F‖error (%)a 80.3 816.1 479.9 448.5 178.7 421.8 211.4 985.9
φerror (deg)
b 10.0 98.9 56.5 63.5 44.7 66.0 79.5 42.6
Adjusted model c
MA bounds ±1 SD ±1 SD ±1 SD ±1.5 SD ±1.5 SD ±1 SD ±1 SD ±2 SD
‖F‖error (%)a 0.7 31.1 4.2 27.9 24.2 0.9 13.5 49.7
φerror (deg)
b 2.8 4.9 0.0 2.3 39.8 0.0 4.3 32.7
Allowable Variation (mm)
CMC flex MA 1.2 1.6 1.3 1.3 0.9 1.8 2.8 3.6
CMC ab/ad MA 2.1 2.7 2.5 2.1 1.3 3.0 4.5 3.9
MCP ab/ad MA 0.9 1.1 0.9 0.9 —– 1.4 2.0 —–
MCP flex MA 0.5 0.7 0.5 0.6 —– 0.8 1.1 —–
IP flex MA 0.7 —– 0.7 —– —– —– —– —–
Key Pinch
Nominal model
‖F‖error (%)a 25.4 39.7 77.4 113.5 55.7 5.7 111.8 154.6
φerror (deg)
b 141.3 22.9 62.6 63.1 32.8 76.0 48.7 29.4
Adjusted model c
MA bounds ±2 SD ±2 SD ±1 SD ±3 SD ±1 SD ±1 SD ±1 SD ±1 SD
‖F‖error (%)a 11.3 0.2 7.6 18.4 25.4 6.9 0.2 31.5
φerror (deg)
b 9.3 0.0 21.0 5.7 19.4 12.4 0.0 16.7
Allowable Variation (mm)
CMC flex MA 3.6 8.1 7.0 4.4 6.5 6.6 10.5 8.2
CMC ab/ad MA 15.9 4.5 5.6 3.8 11.5 5.1 12.1 9.9
MCP ab/ad MA 12.6 4.6 5.4 3.4 —– 3.4 10.4 —–
MCP flex MA 1.2 4.2 2.6 2.3 —– 2.3 5.8 —–
IP flex MA 1.8 —– 3.6 —– —– —– —– —–
a Force magnitude error: ‖F‖error=
∣∣∣‖Fsimulated‖−‖Freported‖‖Freported‖ ∣∣∣.
b Force direction error: φerror = cos
−1
(
Fsimulated · Freported
‖Fsimulated‖‖Freported‖
)
.
c Adjusted model obtained through minimization of the cost function ‖Fsimulated−Freported‖, with moment
arms constrained to the indicated ranges from nominal values (SDs as reported by Smutz et al. (1998)) to
allow convergence of thumb-tip forces to within experimental ranges reported by Pearlman et al. (2004).
For the APL and OPP (single-joint muscles), joint deviations of ± 15o were allowed at the MCP and IP
flexion joints to facilitate directional fit, particularly in the radial plane (Goehler and Murray, 2010).
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The finding that a nominal biomechanical thumb model with experimental
moment arms from Smutz et al. (1998) fails to replicate human-like thumb-tip force
production has been reported in multiple previous works (Valero-Cuevas et al., 2003;
Wohlman and Murray, 2013). The level of variability present in the thumb’s muscu-
lotendon routing (Smutz et al., 1998) and joint structure (Santos and Valero-Cuevas,
2006) creating a normative model of a human thumb a challenging task. Additionally,
there exist inconsistencies in the definitions of CMC joint axes, especially consider-
ing Smutz et al. (1998) defined CMC joint motions with respect to the plane of the
palm. Thus, a biomechanical thumb model using anatomical non-intersecting CMC
joint axes from Hollister et al. (1992) requires CMC moment arm transformation,
something that to our knowledge has not been addressed in the literature. Initial
support of this claim is evidenced by superior force matching of the nominal ACT
model in Table 2.2, which accounts for the transformation, compared to the nominal
simulation model in Table 2.3, which did not apply this transformation.
Analysis of the required modifications between the nominal and adjusted mod-
els can also provide insights into the sources of discrepancies between experimental
human moment arms (Smutz et al., 1998) and experimental thumb-tip forces (Pearl-
man et al., 2004). For example, in the nominal model, the mono-articular OPP and
APL produced force magnitudes much larger than human thumb-tip data, so the
adjusted model implemented reduced moment arms for these two muscles. In the
human thumb, it is possible that applying large tensions to the OPP or APL would
lead to significant CMC joint translation due to inherent joint elasticity, which might
similarly reduce their effective moment arms.
The relationship between thumb-tip force and muscle tension in human thumbs
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has been reported to be nonlinear, most likely due to load-dependent bone translation
and viscoelastic muscle-tendon paths (Pearlman et al., 2004). The ACT thumb has
an arrangement of rigid tendon routing points that are incapable of replicating force-
dependent changes in tendon lines of action. Instead, researchers can use the tools
developed here to, depending on the task parameters such as expected muscle forces,
design custom tendon routing that can approximate the human thumb’s muscle-to-
end-tip force transformation near the operating conditions they are exploring.
Although the ACT hand represents a powerful tool, there are inherent limita-
tions that may affect the accuracy of these results. Differentiation of a fitted model
has issues, especially near joint limits, which could effect the accuracy of presented
moment arm plots. Joint angles of the ACT thumb during thumb-tip force testing
may not precisely match thumb postures in human studies, which could affect the re-
sulting thumb-tip force vectors (Goehler and Murray, 2010). The joints in the ACT
thumb are hinge joints, but bone translations and sliding in human thumbs could
result in a more complex kinematic model (Towles et al., 2008).
2.3 Summary of Human Hand Mechanical Modeling
In this chapter, I have investigated the kinematic and force relationships that
arise from the unique musculotendon structure of the human hand, and developed
analytical tools and physical models capable of closely matching the mechanics of
human fingers and thumbs. Accurate models of the fingers and thumb provide us
with a clearer understanding of human hand functionality during dexterous tasks,
and will also be utilized in later chapters for the development of control algorithms
for the human-like ACT hand system.
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Chapter 3
Dexterous Manipulation with the
Anthropomorphic Robonaut 2 Hand
The hands of the space humanoid Robonaut 2 (R2) are designed to achieve
human-like grasping and manipulation in an unstructured environment such as the
International Space Station (ISS) (Bridgwater et al., 2012). The fingers and thumbs
are tendon-driven to allow for remote actuation and reduced finger size and weight.
The primary (index and middle) fingers and the thumbs each have N + 1 tendons
for N joints, which leads to full finger controllability (N = 3 for primary fingers
and N = 4 for thumbs). While this N + 1 tendon arrangement is attractive due to
the low actuator count and space requirement, it also results in a complex control
problem, especially for impedance control. So far, a joint-space torque control law for
the individual R2 fingers has been developed (Abdallah et al., 2010) that solves the
tendon tension distribution problem and produces decoupled motions in the joint-
space, but Cartesian control of the fingertips has not yet been explored.
In this chapter, first a Cartesian stiffness control algorithm is presented for
the individual R2 fingers and thumbs. In the finger Cartesian control algorithm,
modifications were made based on the finger kinematics for singularity avoidance and
Portions of this chapter have been previously published in the proceedings of the 2014 IEEE
International Conference on Robotics and Automation (ICRA) (Niehues et al., 2014).
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Figure 3.1: The Robonaut 2 (R2) upper body system and examples of the challenging
manipulation tasks to be performed by the R2 hands on the International Space
Station.
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Table 3.1: Description of generalized variables for tendon-driven robotic hands.
Variable Description
`m muscle/tendon positions
fm muscle/tendon forces (tensions)
θ joint angles
τ joint torques
x end-tip Cartesian position
fx end-tip Cartesian forces
z object-space position/orientation
fz object-space force/torque
R(θ) moment arm matrix
J(θ) Jacobian matrix
W (x) grasp matrix
improved grasp closure capabilities, and force feedback is provided solely by tendon
tension sensors.
Then, an object-level stiffness control strategy is developed to perform object
manipulation tasks while remaining robust against impacts and other disturbances
and uncertainties. In the past, the R2 hands accomplished grasping and manipula-
tion tasks by defining finger joint trajectories which are generated specifically for a
given object. This method requires complex path planning and makes contact force
regulation difficult. The object stiffness controller developed in this work has the ad-
vantages of safer environmental interactions, user-definable object stiffness properties,
and easily regulated grasp forces.
3.1 Generalized Model of Tendon-Driven Robot
I will begin by defining the variables and presenting equations for transform-
ing displacements and forces between frames located in tendon-, joint-, end-tip, and
object-space. A full table of variables with descriptions can be found in Table 3.1.
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As previously defined in Section 2.1, the relationship between muscle/tendon
forces, joint torques, and end-tip forces are defined as follows:
τ = R(θ)fm (2.1)
τ = JT (θ)fx (2.12)
By conservation of power, the corresponding displacement relations are:
δ`m = R
T (θ)δθ (3.1)
δx = J(θ)δθ (3.2)
The object-space coordinates z and forces fz are defined by an object frame,
such that z corresponds to the translational position and orientation of the object
and fz to the force/torque applied to the object’s center. If the end-tip forces fx,i and
positions xi for each digit i are concatenated into a vectors of contact point positions
x and forces fx, the transformation between end-tip-space and object-space can be
defined through the grasp matrix:
fz = W (x)fx (3.3)
δx = W T (x)δz (3.4)
3.2 Cartesian Control of R2 Fingers and Thumb
To begin, Cartesian control strategies are developed for the individual R2
fingers and thumbs. This problem is divided into two control sub-tasks: control of
torques produced at each finger joint through tension feedback, and implementation
of a Cartesian stiffness controller for regulation of both fingertip positions and forces.
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3.2.1 Joint Torque Controller
To control the finger joint torques, the joint-space controller proposed by Ab-
dallah et al. (2010) is utilized. The joint torques τ and internal tension t can be
calculated from measured tendon tension values, fm, through the relation:
τ¯ =
[
τ
t
]
=
[
R
null(R)
]
fm = P fm (3.5)
where P ∈ Rnm×nm is the tendon map matrix containing the moment arm matrix R,
which is constant due to the R2 hand’s circular tendon pulleys, concatenated with
a row vector in the null-space of R corresponding to tendon force combinations that
produce zero net joint torque.
The actuators already employ well-tuned PD position control loops, so the
torque control algorithm should pass down desired actuator positions `m,d to the
motor controllers. Given a desired set of joint torques τ d as input, the tension dis-
tribution algorithm of Abdallah et al. (2010) is used to determine an appropriate
internal tension parameter td and, if necessary, linearly scale down τ d until the ten-
don forces fm fall within the desired bounds [fmin, fmax]. The resulting vector of
desired joint torques and internal tension, τ¯ d, will maintain a minimum tendon ten-
sion to avoid slacking and account for actuator saturation effects without introducing
joint coupling.
Finally, a joint-space torque controller is defined as
`m,d = `m − kd ˙`m + P TKp(τ¯m,d − τ¯ ) (3.6)
where kd is a scalar damping gain and Kp is a proportional torque and internal tension
feedback diagonal gain matrix. See the work of Abdallah et al. (2010) for more details
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and experimental results for the tension distribution algorithm and joint-space torque
controller.
3.2.2 Cartesian Stiffness Controller
For accurate control of fingertip positions and forces, it is desirable to create
a fingertip Cartesian stiffness relation of the form:
fx,d = Kx(xd − x) (3.7)
where the fingertip position x is calculated from the joint angles θ using the forward
kinematics and Kx is the desired Cartesian stiffness matrix. The desired forces fx,d
could then be transformed to desired joint torques using Equation (2.12) and be sent
to the joint torque controller in the previous section.
For the R2 system, stiffness control was chosen over a full impedance control
strategy because it is not necessary to explicitly regulate the Cartesian damping or
inertia properties of R2 hand. The joint torque control algorithm of the previous
section can be easily tuned to produce a critically damped response, eliminating
the need for damping controls, and the finger inertias are small enough that inertia
shaping is not necessary (Bridgwater et al., 2012).
The above stiffness relation is the foundation of the R2 Cartesian stiffness
controllers. However, slight modifications will be presented in the next section to
account for the specific kinematics of the R2 thumb and primary fingers. Note that
the ring and little fingers of the R2 hand are both under-actuated (3 tendons to
control 4 DOFs) and thus not fully controllable in Cartesian-space, and so will not
be addressed in this work.
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3.2.2.1 Thumb
In the case of the thumb, simply using the Jacobian J(θ) ∈ R3×4 to transform
from 3-D Cartesian forces to four joint torques leaves one uncontrolled internal DOF.
To address this, we explicitly control the thumb’s distal joint angle θ4 with a desired
joint stiffness. Control of the distal joint angle is useful during grasping and manip-
ulation tasks, allowing us to ensure contact that is being made with the flat pad of
the thumb for a more stable grasp. This results in a new joint torque formulation,
τ d =
[
(J3×3)TKx,thumb(xd − x)
kdist(θ4d − θ4)
]
(3.8)
where J3×3 is the thumb Jacobian J(θ) ∈ R3×4 with the last column removed and
kdist is the distal joint stiffness gain.
3.2.2.2 Primary Fingers
In the primary fingers, a singular position occurs when the fingertip is aligned
with the proximal yaw joint. At this singularity, movement of the yaw joint produces
zero change in the fingertip Cartesian position, meaning the finger cannot produce
lateral motions or forces. Because the finger frequently must move through this sin-
gular position, combined with the yaw joint being already relatively ill-conditioned
due to its smaller joint radii, the controller tends to perform poorly near this singular-
ity. Therefore, instead of implementing Cartesian control of fingertip lateral motions,
joint stiffness control of the yaw joint θ1 is implemented, such that
τ d =
1 0 00
(J2×2)T0
Kx,prim
θ1d − θ1yd − y
zd − z
 (3.9)
where Kx,prim = diag(kyaw, ky, kz) is the new stiffness gain matrix for primary fingers
and J2×2 is the finger Jacobian J(θ) ∈ R3×3 after removing the column representing
51
the yaw joint and the row representing the lateral Cartesian direction. Using this
reduced Jacobian, we will only specify a Cartesian stiffness in two directions: the z-
direction defined as orthogonal to the plane of the palm, and the y-direction defined
parallel to the plane of the palm and orthogonal to the proximal flexion/extension
joint axis.
This produces more stable and controllable motions throughout the finger’s
range of motion without hampering our ability to control fingertip Cartesian position
and force, due to the simplicity of transforming from lateral position/force to yaw
joint angle/torque, and vice versa. Control of the yaw joint also helps us in more
effectively managing the location of the point of contact on the finger’s surface during
environmental interactions, i.e. to avoid grasping of an object with the side of a finger.
To avoid singularity positions and also to avoid hitting mechanical hard stops
at the joint limits, repelling torques are used at each finger joint:
τlim,i =

−ki[θi − (θi,max − δi)], for θi > θi,max − δi
ki[θi − (θi,min + δi)], for θi < θi,min + δi
0 otherwise
(3.10)
where θi,min, θi,max are the joint limits, δi is the desired safe distance, and ki is the
repelling stiffness. This repelling torque is added to the joint torques of the Carte-
sian controller, and keeps both the primary fingers and thumb away from singularity
positions.
The total desired torques τ d calculated here will be passed down to the joint-
space controller in Section 3.2.1. The gains Kp and kd in Equation (3.6) are tuned to
give the Cartesian stiffness controller a critically damped step response.
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Figure 3.2: Block diagram for complete control system, including the high-level object
stiffness controller and the low-level finger Cartesian stiffness and joint-space torque
controllers. Note that the finger positions x and xd include the primary finger yaw
joint (θ1) and thumb distal joint (θ4) angles to be used by the Cartesian controllers.
3.3 Object Manipulation Controller
The goal of the object manipulation controller is to robustly grasp and ma-
nipulate an object using the thumb and two primary fingers. In this work, the ma-
nipulation problem is simplified by focusing only on 2-D motions on a plane parallel
to the palm of the hand. The object-space coordinates are described by the 2-D
translational position (xo, yo), defined as the centroid of the three fingertip positions,
and the object angle φ, defined as the angle between (xo, yo) and thumb in a plane
parallel to the palm (see Figure 3.3 for a visual representation). Thus, z = [xo, yo, φ]
T
and x ∈ R6 contains only the 2-D (x,y) components of finger/thumb positions. Then,
an object-space stiffness force is defined as:
fz =
fx,ofy,o
τo
 = Kz
xod − xoyod − yo
φd − φ
 (3.11)
where Kz is a diagonal object stiffness matrix.
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The inverse relation, which will be used to calculate contact forces fx to be
applied by the fingers/thumb based on a desired fz, the generalized pseudo-inverse
W+(x) is utilized along with the null-space matrixN(x) containing the internal forces.
However, simply calculating the null-space of W (x) ∈ R3×6 results in N(x) ∈ R6×3,
which would require controller optimization of three separate internal force variables.
To reduce the null-space, we introduce an additional constraint that the line of action
of the internal forces must pass through the object’s center. The internal forces
produced using this constraint will act similar to those produced by the passivity-
based object controller of Wimbo¨ck et al. (2006), which uses virtual springs connecting
each fingertip to the center of the object.
For example, a constraint for the thumb would be:
ftb,y
ftb,x
=
ytb − yo
xtb − xo
(ytb − yo)ftb,x − (xtb − xo)ftb,y = C1(x)fx = 0
(3.12)
where C1(x) ∈ R1×6 is a constraint row vector. In the same way, we set up a similar
constraint row vector C2(x) for either one of the primary fingers, such that C2(x)fx =
0. Then, we can reduce N(x) to a null-space column vector n(x) ∈ R6:
n(x) = null
W (x)C1(x)
C2(x)
 (3.13)
This definition of the null-space ensures that forces acting in the space of n(x)
produce zero net object forces or torques and also realize the two constraint equations,
such that the internal force vector will only produce forces passing through the object’s
center. Now, the contact forces are calculated using the following equation:
fx = W
+(x)fz + n(x)fint (3.14)
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The internal force component, fint, is calculated such that the minimum normal force
being produced at the three fingertips is greater than some prescribed minimum force
fgrip,min.
The desired end-tip contact forces fx,i for each digit i are then converted into
desired fingertip positions using Equation (3.7) for the each finger’s Cartesian control
loop. For example, given a desired endpoint force fx,ij for digit i in the Cartesian
direction j, the desired Cartesian position xd,ij is found as:
xd,ij = xij +
fx,ij
kx,ij
(3.15)
where kx,ij is the Cartesian stiffness for that particular finger and direction. Then, the
desired position xd for each finger will be passed down to the corresponding Cartesian
controller in Section 3.2.2.
For the thumb, the commanded distal joint position θ4d is set to an angle ideal
for maximum contact area on the thumb pad. For the primary fingers, the total
torque at the base required to produce the desired fingertip force is calculated as
τ base = r
base
tip × fx (3.16)
where rbasetip is the vector from the finger base to the fingertip. The desired yaw torque
τyaw is the component of τ base parallel to the finger’s yaw joint axis. Then, the desired
yaw angle is found as
θ1d = θ1 +
τyaw
kyaw
(3.17)
and passed down to the Cartesian controller. The ability to control the finger yaw
angles is especially useful for spreading out the finger contact points to maintain
a quality force-closure grasp, without requiring inverse kinematics calculations to
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ensure joint limits will be avoided. Additionally, to ensure stability in the case of
loss of contact with the object, the commanded fingertip positions xd are restricted
to remain a specified minimum distance away from the virtual object’s center.
In the end, the higher-level object manipulation controller will pass down
commanded Cartesian positions xd, primary yaw joint angles θ1d, and thumb distal
joint angles θ4d to the finger Cartesian stiffness controllers (see Figure 3.2).
3.4 Experimental Manipulation Results
The object manipulation controller is implemented on the Robonaut 2 hand.
A diagram illustrating the overall control structure is found in Figure 3.2. Individual
finger Cartesian controllers, combined with joint-space controllers to determine out-
put motor positions, are implemented on in a lower-level control loop, communicating
with the motor controllers at a rate of 500 Hz. The higher-level object manipulation
controller runs on a separate computer running the R2 control GUI, which sends
finger position commands down to the low-level controller at a rate of 50 Hz.
This relatively slow communication rate would result in instability without
the inherent stability provided by the lower-level finger Cartesian controllers. This
communication hierarchy shows a structure similar to human hand neuromuscular
control: the communication rate of neural signals between the brain and the hand
is relatively slow, but the inherent stability and stiffness properties of the individual
fingers (due to muscles, tendons, ligaments, joint capsules, etc.) allow robust manip-
ulation abilities (Morasso, 2011). A more in-depth exploration of such hierarchical
control strategies will occur in Chapter 5.
The control law is evaluated using steps commands in object z-axis rotation
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Table 3.2: Controller parameters (units are mm, rad, and tension sensor force units).
Parameter Value
Primary Finger Stiffness
Kx,prim = diag(kyaw, ky, kz) = diag(1000, 0.05, 0.1)
Thumb Stiffness
Kx,thumb = diag(kx, ky, kz) = diag(0.05, 0.05, 0.1)
kdist 250
Step Response Object Controller Parameters
Kz = diag(kx, ky, kφ) = diag(2.0, 2.0, 1500)
fgrip,min 0.2
Disturbance Response Object Controller Parameters
Kz = diag(kx, ky, kφ) = diag(0.5, 0.5, 1000)
fgrip,min 0.5
and step commands in translation in the x and y directions. In addition, disturbance
rejection experiments are performed to test the controller robustness and ensure the
desired object stiffness is being produced. For all cases, desired object height above
the palm is set to a constant value, such that the finger and object motions remain
in a 2-D plane parallel to the palm. The object is a standard 1.4 ounce racquetball
with a radius of 2.25 inches.
The joint-space torque feedback gain Kp is determined experimentally for each
finger to produce accurate joint torque tracking and internal tension maintenance;
variations in Kp matrices between the R2 fingers is necessary primarily because of
tension sensor calibration errors. The damping gain kd is set to 0.01. The remaining
controller parameters used in the experiments can be found in Table 3.2. The pre-
scribed finger stiffness in the z-direction is larger to keep the fingertips on a fixed 2-D
plane above the palm.
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Figure 3.3: The R2 hand rotating an object about the z-axis, given a commanded
object angle step input of ∆φ = −1.0 rad.
3.4.1 Object Rotation
The object is rotated about the z-axis by giving a step input of ∆φ = −1.0 rad
(Figure 3.3). The steady-state error in object angle and x occurs because the primary
fingers both reach their yaw joint angle limits, causing the controller to compromise
between the errors in x and object angle.
3.4.2 Object Translation
We perform object translation in the x-direction (laterally) by commanding
a step input from from x = −10 mm to x = −25 mm (see Figure 3.4), where the
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Figure 3.4: The R2 hand translating an object laterally, given a commanded x-
direction step input from x = −10 mm to x = −25 mm.
point (x, y) = (0, 0) is located at the base of the middle finger. We once again see
steady-state errors in x and object angle due to the primary fingers reaching their
yaw joint limits.
Next, we test a step command in the y-direction of y = 10mm to y = −30mm,
as shown in Figure 3.5. We see minimal errors in x or object angle, and negligible
steady-state error in y. The slower rise time moving in the positive y-direction is a
result of the thumb overcoming the grip forces being applied the two primary fingers,
which must remain fairly high to maintain contact without slipping.
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Figure 3.5: The R2 hand translating an object vertically, given a commanded y-
direction step input from y = 10 mm to y = −30 mm.
3.4.3 Disturbance Response
The disturbance response is analyzed to show the robustness of the controller.
An external force is applied to the object, as shown in Figure 3.6, and the resulting
position and tendon tensions were recorded. Note that the controller parameters were
adjusted slightly (see Table 3.2) for clearer experimental results. The algorithm is
able to maintain the desired posture effectively with an acceptable steady-state error.
The advantages of this object stiffness controller over a more straightforward position
controller is the ability to react to disturbances and continuously modify the fingertip
forces to maintain a stable grasp.
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Figure 3.6: The R2 hand maintaining a fixed object position while rejecting externally
applied disturbances, as shown in (a). The object’s virtual position and orientation
response through two disturbance impulses is shown in (c), while (b) and (d) shows
the resulting object forces (fobj,x, fobj,y) and internal forces being exerted on the object
by the fingertips.
The forces being applied to the object, calculated from the recorded tendon
tensions and shown in Figure 3.6b, correspond approximately to the desired object
stiffness. The internal forces in Figure 3.6d are defined as the component of fingertip
forces passing through the center of the ball to produce a normal gripping force. There
are intervals when the internal thumb force drops below the threshold. This occurs
because the disturbance is being applied to the thumb instead of directly to the ball,
61
skewing measured thumb force values in the negative direction. Other than these
instances, the desired minimum grip force of fgrip,min = 0.5 is maintained. Note that
the tension sensors have an error of 5-10% caused by friction and interactions between
tendon conduits (Bridgwater et al., 2012), which limits the controller’s performance
and precision.
3.5 Discussion
In this section, a Cartesian stiffness control law for the R2 fingers and thumb
and a higher-level object control were developed to achieve fine manipulation with the
R2 hand. The Cartesian controller is built upon a previously developed joint-space
control algorithm with a number of novel additions and modifications. A novel hybrid
Cartesian and joint stiffness control law was developed to avoid singularities in the
primary fingers, and distal joint stiffness is added in the thumb for full controllability.
The proposed controller provides intuitive control of fingertip positions and forces
using position-controlled actuators and only tendon tension sensors as force feedback,
and allows explicit control of key joint angles (primary finger yaw joints, thumb distal
joints) that are important in manipulation tasks for ensuring good contact areas and
stable grasping. The control law was then implemented on the R2 hand system as part
of a higher-level object controller to perform fine manipulation with multiple fingers.
The fingertip positions were used to define a virtual object position on a 2-D plane
above the palm, which was subsequently used to implement an object stiffness control
law. Experimental results demonstrate stable grasping, smooth object motions, and
robustness against disturbances.
This chapter demonstrates how object manipulation is typically achieved in
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robotic hands by using impedance control strategies. The R2 hand is designed with
an anthropomorphic shape and an N + 1 tendon arrangement with circular pulleys,
making joint control a relatively simple problem. By comparison, it was shown in
Chapter 2 that the human hand has a much more complex tendon structure. In
the next chapter, Cartesian and object-space impedance controllers will be developed
for the human-like joint and tendon structure of the Anatomically Correct Testbed
(ACT) hand. While this represents a significantly more complex control problem,
it can potentially provide key insights into the unique functionality and dexterity of
human hands.
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Chapter 4
Dexterous Manipulation with the Anatomically
Correct Testbed Hand
In this chapter, I will develop control strategies for the Anatomically Correct
Testbed (ACT) hand with the ultimate goal of achieving fine object manipulation
capabilities with the human-like musculoskeletal structure of the ACT hand. First,
models of the kinematic and mechanical transformations between the hand’s muscles,
joints, and end-tips are generated using motion capture analysis and robotic mod-
eling techniques. Because all sensory data in the ACT hand is currently limited to
proprioceptive feedback in the form of muscle forces and positions, internal models
are utilized extensively during control. Then, custom IR-based tendon force sensors
are designed for the ACT hand’s muscle-tendon actuators. Using the tension sen-
sors, actuator-level force feedback is implemented to significantly reduce undesirable
nonlinearities and allow precise muscle force regulation.
I then develop and test control algorithms for the ACT fingers and thumb
based on standard robotic hand controllers from literature. The most widely accepted
control methodology for robotic hands is impedance control, because of its ability to
simultaneously regulate finger positions and applied forces/torques while allowing
stable and intuitive environmental interactions (Hogan, 1985). Previous ACT hand
research has focused only upon position control to track trajectories in either muscle-
space, joint-space (Deshpande et al., 2013a) or a reduced synergy-space (Rombokas
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et al., 2011; Malhotra et al., 2012). However, these position control strategies are
incapable of controlling the interaction forces and torques that are critical for stable
grasping and manipulation. To begin, we develop and experimentally demonstrate
Cartesian impedance control of the ACT index finger and thumb, using only proprio-
ceptive feedback in the form of muscle force and position sensing. Then, a controller
is designed to achieve two-fingered fine manipulation, a complex task requiring precise
and robust coordination of the thumb and fingers. Experimental results demonstrate
simultaneous control of the 3-D object position, orientation, and applied grasping
forces.
4.1 Kinematic Modeling
4.1.1 ACT Hand Design Upgrades
The ACT hand is designed to faithfully replicate the human hand’s joint struc-
ture, musculotendon routing, and inertial properties (see Figure 4.1). One difference is
that the ACT index finger, the EDC and EI are combined into a single muscle-tendon
unit, which we will hereby refer to as simply the EDC, because these two muscles
have equivalent functions for single-finger control (Brand and Hollister, 1999). Also,
while the ADP in the human thumb is commonly considered to consist of two separate
muscle heads, the transverse and oblique heads, it is represented by only one muscle-
tendon unit in the ACT thumb. Details of the ACT hand’s mechanical structure can
be found in the work of Deshpande et al. (2013b).
We have also made design modifications to the ACT hand since the most re-
cently published version of Deshpande et al. (2013a). The finger extensor mechanism
was previously held in place on the finger’s dorsal surface with ligament-like connec-
65
EDC
FDS
FDP
EDC
UI
RI
LUM
MCP Flex
PIP DIP
MCP Ab/Ad
Top
(Dorsal)
View
Lateral
(Radial)
View
RI
LUM
CMC Flex
O
PP FPB
FPL
AD
P
MCP Flex
IP
EPL
EPB
MCP Ab/Ad
CMC Ab/Ad
EPL
APL
APB
A
D
P
Index Finger
Thumb
Index Finger
Thumb
Figure 4.1: The index finger and thumb of the Anatomically Correct Testbed (ACT)
hand, along with schematics of their tendon structure and approximate joint axis
locations.
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tions inserted into the metacarpal and proximal bones. This design led to anatom-
ically inaccurate tension transfer through the extensor mechanism. The extensor
mechanism displayed excessive lateral or medial shifting when forces were applied to
the UI/LUM or RI, respectively, but if the ligaments were tightened, muscle forces
in some cases transferred directly to ligament insertions instead of to the extensor
slip and lateral bands. In the current version, the extensor mechanism is held in
place using routing points near the MCP and PIP joints, facilitating the free transfer
of tensions through the extensor mechanism while retaining anatomically accurate
tendon moment arms. The tendon routing points of the ACT hand are designed to
mimic human index finger moment arms (An et al., 1983; Fowler et al., 2001). Ad-
ditionally, lateral band routing points across the PIP joint replicate the quantitative
observations of Garcia-Elias et al. (1991a), such that the bands experience a palmar
shift of 2 to 3 mm during PIP flexion.
Despite having anatomically accurate moment arms, we found that the PIP
joint of the ACT index finger tended to become locked in a fully extended position.
This occurs because the moment arms of all tendons crossing the PIP joint tend
to move in the extension direction as the PIP is extended (Fowler et al., 2001),
shifting the torque balance until no muscle force combinations can move the PIP
joint back from a hyperextended position. This phenomenon is analogous to the swan-
neck deformity observed in human fingers, which is known to occur if the PIP joint
structures and ligaments that oppose PIP hyperextension are weakened, stretched, or
destroyed (Dreyfus and Schnitzer, 1983). Based on this, we have added a ligament-
like elastic element to the PIP joint in the form of a mechanical spring such that the
finger moves out of the locked position when the muscle-tendon actuators are relaxed.
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In the current version of the ACT thumb, the ADP and APB have been
modified to insert directly to the base of the proximal phalanx, as opposed to joining
the EPL in a dorsal expansion that acts as the extensor of the IP joint (Niehues and
Deshpande, 2017; Deshpande et al., 2013b). This modification is based on anatomical
research indicating that while the APB and ADP do have partial insertions into the
dorsal insertion, they act primarily through their partial insertions directly into the
base of the proximal phalanx, and in most cases IP extension is not a result of active
pull of the APB or ADP through the dorsal expansion (Napier, 1952).
4.1.2 Muscle Moment Arms
The mechanical transformation between the muscles and joints of the hand
can be defined through a posture-dependent muscle moment arm matrix R(θ), which
relates muscle forces fm to joint torques τ through Eq. (2.1). In order to identify
the joint-dependent moment arm functions of the ACT fingers and thumb, we use a
methodology similar to that in Section 2.2.1.1, utilizing motion capture and actuator
encoders to collect an extensive data set of joint angles and muscle lengths as the
system is moved throughout its ROM.
Then, we utilize least squares regression (LSR) to fit second-order forward
kinematic mapping functions without cross-joint terms, such that differentiation (see
Eq. (2.14) will produce linear moment arm functions of the form rij(θi) = aijθi + bij
for every joint i and muscle j combination. This LSR fitting strategy was chosen for
control because utilizing more complex fitting strategies, such as the neural networks
in Section 2.2.1.1 or higher-order LSR, tends to result in unrealistic moment arm
values, particularly near joint limits, due to inherent differentiation issues. We will
show that the linear moment arm functions from a second-order LSR fit are sufficiently
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accurate for control of ACT hand joint torques, and have the advantage of more
predictable moment arm estimates throughout the ACT hand’s ROM to ensure safe
control in all scenarios.
4.1.3 Joint Posture Estimation
The current version of the ACT hand is limited to proprioceptive position
sensing in the form of muscle lengths, and thus joint posture must be estimated
through an inverse muscle mapping. For this, we used the same motion data set to
train a feedforward neural network with muscle excursions as input and joint angles
as output using the MATLAB Neural Network Toolbox (Mathworks Inc.). Because
a gradient calculation is not necessary as it is for moment arm identification, we can
use a neural network for more accurate joint angle estimates without encountering
numerical differentiation issues.
The tendon compliance introduced by the deformable beam of the tension
sensors lead to inaccurate joint angle estimation when large muscle forces are being
applied. To account for this, we experimentally calculate the stiffness kt,i of tension
sensor for muscle i by locking the fingers in place, ramping up commanded motor
forces, and recording the change in linear actuator position using the motor encoders.
We can then compensate for the deflection ∆`m,i = fm,i/kt,i using IR tension sensor
measurements. Utilizing tension sensor measurements for joint estimation makes the
control law non-passive (Wimbo¨ck et al., 2008), such that control gains must be
carefully chosen to ensure stability. However, the significant increase we gain in pose
estimation accuracy is crucial for performing precision tasks such as fine manipulation.
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4.1.4 Joint to Fingertip Modeling
The kinematic relationships between the ACT hand’s joints and fingertips
are obtained analytically, using the serial chain kinematic models that can be found
in Appendix A. In the fingers, the four joint DOFs can be transformed into four
Cartesian DOFs, represented by three fingertip translational DOFs (x ∈ R3) and one
rotational DOF of the distal phalanx (φdist ∈ R1). For the thumb, the additional
joint DOF results in a second distal phalanx rotational DOF, such that φdist ∈ R2.
Using the serial chain models, we determine the forward joint kinematics x(θ) and
φdist(θ) relating joint angles to Cartesian end-tip position and orientation. Then, the
Jacobian matrix for a given ACT finger/thumb is found through differentiation:
J(θ) =
[
Jx(θ)
Jφ(θ)
]
=
[
∂x(θ)
∂θ
∂φdist(θ)
∂θ
]
(4.1)
The Jacobian matrix relates joint torques τ to the end-tip Cartesian force vector fx
and distal phalanx torque τ dist as follows:
τ = JT (θ)
[
fx
τ dist
]
(4.2)
With the presented joint posture estimation, Jacobian, and moment arm ma-
trix functions, the force/torque transformations between muscle-, joint-, and Cartesian-
space are fully defined through Equations (2.1) and (4.2).
4.2 ACT Hand Control
In this section, we present control strategies for implementing actuator-level
muscle force feedback, then develop joint- and endtip-space force and stiffness con-
trollers for the ACT index finger and thumb. The developed end-tip control capa-
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Figure 4.2: Custom tendon tension sensor based on an infrared (IR) emitter and
phototransistor couple. (a) The operating principle of the IR tension sensor. As
increasing levels of tension are applied, lower levels of IR light are received by the
phototransistor. (b) Actual implementation with an ACT muscle-tendon actuator.
(c) Example of the voltage to tension relationship exhibited by the sensor. The fitted
curve is a double exponential function.
bilities are utilized to perform two-fingered fine object manipulation with the ACT
hand.
4.2.1 Muscle Force Control
In previous works, the forces applied by the ACT hand’s direct-drive brushless
DC muscle-tendon actuators were regulated through motor current control. However,
undesirable actuator nonlinearities such as friction and cogging leads to jerky finger
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motions and significantly deteriorates the fine force control capabilities of the ACT
hand. Thus, we designed custom IR-based force sensors, based on the concept in-
troduced by Palli and Pirozzi (2011), to provide a direct measurement of tendon
tension (Figure 4.2), similar to Golgi tendon organs in humans (Jami, 1992). Actua-
tor proportional-integral (PI) feedback force controllers update the force commands
fcom based on the error ∆fm = fdes−fm between measured force fm and desired force
fdes.
fcom = fdes +Kp∆fm +KI
∫
∆fmdt−Kd ˙`m (4.3)
where Kp and KI are the PI gains and Kd is a motor damping gain for improved
stability. Commanded forces fcom are transformed using motor torque constants and
pulley radii into actuator current commands and sent to a low-level current controller.
We experimentally compare actuator force control performance with tension
feedback (Kp = 0.1, KI = 20 s
−1) and without tension feedback (Kp = KI = 0)
in Figure 4.3. Without force feedback, the tendon force can vary by approximately
±1 N from desired values, and significant Coulomb friction can be observed when
positional displacements are applied to the tendon (see the intervals t ∈ [7, 9] and
t ∈ [12, 14] seconds in Figure 4.3). The addition of force feedback compensates for
these undesirable nonlinearities and greatly improves the precision of applied muscle
forces, and even allows the precise application of low tensions (as low as 0.5 N)
without the occurrence of tendon slacking. The ability to apply low tensions is crucial
to minimize tendon sliding friction and facilitate smooth relaxation of antagonistic
tendons.
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Figure 4.3: Comparison of actuator force control capabilities with and without the
tension feedback control law in Equation (4.3).
4.2.2 Index Finger Control
In this section, we develop and test joint- and Cartesian-level control strategies
for the ACT index finger. We first design a joint torque control algorithm to inde-
pendently regulate the torques applied by the muscle-tendon actuators at the three
controllable finger joints: MCP ab/ad, MCP flex, and PIP. We utilize the joint torque
controller to develop a Cartesian control law for regulating the fingertip force vector
produced by muscle inputs. We then develop joint-space and Cartesian-space stiff-
ness controllers, with limited integral action to overcome friction, and demonstrate
accurate trajectory tracking in either joint-space and Cartesian-space. Finally, we
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show that the DIP joint, while not independently controllable, can still be partially
regulated as a secondary control objective through proper force distribution between
the two flexor muscles.
4.2.2.1 Joint Torque Control
For the ACT index finger, our goal is to control the MCP ab/ad, MCP flex,
and PIP joint torques. The DIP joint torque will not be explicitly controlled, although
the DIP angle will still be observed for inclusion in the kinematic model. In order to
achieve some desired joint torques τ des through control of the muscle-tendon actuator
forces fm, we form the following optimization problem:
minimize
fm,α
fTmfm + γ(1− α)2
subject to ατ des = R(θ)fm , 0 < α ≤ 1
fmin ≤ fm,i ≤ fmax , i = 1, . . . , nm
(4.4)
Here, fmin and fmax are the minimum and maximum allowable tendon forces, nm is the
number of muscle-tendon actuators, α is a torque scaling term such that directionality
is preserved when actuator saturation occurs, and γ is a large gain. Note that the
torque constraint in this optimization does not include a row corresponding to the
DIP joint.
4.2.2.2 Joint Stiffness Control
Next, we develop a joint stiffness controller to allow simultaneous control of
the positions and torques at the controllable MCP ab/ad, MCP flex, and PIP joints
through an intuitive spring-like impedance relationship:
τ des = Kθ(θdes − θ) (4.5)
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where Kθ is the user-defined desired joint stiffness matrix, θdes is a desired joint tra-
jectory, and current joint angles θ are calculated using the joint estimation neural
network. Because tension sensor compliance degrades the accuracy of a transforma-
tion from muscle to joint velocity, control damping is only applied directly to actuator
velocities as in Equation (4.3),
Although muscle force feedback has eliminated undesirable actuator friction
and cogging nonlinearities, there still exists some friction at the ACT hand’s joints and
tendon routing points that degrades trajectory tracking performance. To compensate,
we add a limited amount of integral action to the control law, such that
τ des = Kθ(θdes − θ) +Kθ,I
∫
(θdes − θ)dt (4.6)
whereKθ,I is the integral gain matrix. In order to maintain a primarily impedance-like
behavior, the integral terms were limited to magnitudes of 0.05 N·m.
The experimental results in Figure 4.4 demonstrate the effectiveness of the
above joint stiffness controller for achieving independent joint control of the ACT
index finger. Control of the MCP ab/ad and MCP flex joints has been demonstrated
previously with the ACT hand (Deshpande et al., 2013a), but independent PIP joint
control was previously not feasible because of inaccurate muscle force inputs and high
levels of friction. The addition of tension feedback to the muscle-tendon actuators
greatly reduces the negative effects of these key problems.
4.2.2.3 Cartesian Fingertip Force Control
Fine manipulation requires control of the forces being produced at the finger-
tips. Since DIP joint torque is not currently being explicitly controlled, we cannot
independently control the corresponding distal phalanx torque τdist Cartesian DOF.
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Figure 4.4: Index finger joint stiffness control experimental results. Top: Actual
joint angle estimates (solid lines) and desired trajectories (dotted lines) for the task
of independently moving each controllable joint through its range of motion at 1/4
Hz. Bottom: Corresponding muscle force patterns, which illustrate the following
relationships between the muscles and joints of the human finger: (i) MCP ab/ad
motions are generated by the intrinsic muscles (UI, RI, and LUM), (ii) MCP flex
motions are generated primarily by the flexor (FDS and FDP) and extensor (EDC)
muscles, and (iii) co-activation of the EDC with either the flexors or the intrinsic
muscles generates PIP flexion or extension, respectively.
Thus, in this work we assume zero distal phalanx torque is being applied to the fin-
gertip, e.g. hard point contact. Then, in order to produce a desired endtip force
vector fx,des, we use in Equation (4.2) with τdist = 0 to calculate the desired joint
torques τ des at the three controllable joints, which would then be sent to the joint
torque controller in Equation (4.4) to calculate muscle force commands.
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Figure 4.5: Index finger Cartesian force control for the task of producing fingertip
force of varying magnitude in the palmar direction. (a) Applied muscle forces and
endtip force measurements, taken from a 6-DOF force/torque sensor attached to the
fingertip, for the task of tracking the palmar force trajectory denoted by the black
dotted line. From t ∈ [14, 16] sec., the muscles reach their maximum force limit
fmax = 18N , so fx,des is scaled via the α parameter through Equation (4.4) such
that muscle forces stay within [fmin, fmax] while preserving force directionality (black
dashed line). (b) Approximate finger posture and direction of desired fingertip force.
(c) From t ∈ [4, 8] seconds, small applied fingertip perturbations in the palmar/dorsal
directions produce a frictional hysteresis loop, demonstrating the level of friction
(primarily Coulomb friction) remaining on the joint-side.
We implemented this Cartesian force control strategy in the ACT index finger,
and performed experiments to test static fingertip force production. Fingertip force
vectors were measured using a multi-axis force/torque sensor (F/T Nano25 SI-250-
6, ATI Industrial Automation, Garner, NC). The results in Figure 4.5 demonstrate
accurate tracking of a desired endtip force trajectory. Coulomb friction exists on
the joint-side, as seen when perturbations are applied at t ∈ [4, 8], due primarily to
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tendon sliding friction (Figure 4.5c). As desired force is increased past the maximum
force production capabilities of the actuators (see t ∈ [14, 16] in Figure 4.5a), the op-
timization in Equation (4.4) scales down the produced endtip force vector to preserve
force directionality.
4.2.2.4 Conditional Controllability of DIP Joint
Thus far, we have operated under the assumption that the tendon structure
of the human finger is such that the DIP is not independently controllable. We
verify this assumption by analyzing the ACT index finger moment arms with the
controllability conditions outlined by Kobayashi et al. (1998). However, it is also true
that in scenarios where the flexor muscles are being activated, e.g. when applying
a grasp force, it is possible to manipulate the torque at the DIP joint, to a certain
degree, without affecting the torques applied to the other joints by modulating the
relative activations of the FDP and FDS.
To accomplish this, we will add an additional step to the muscle force opti-
mization from Equation (4.4). Given a user input ∆τDIP term defining the amount
of DIP torque to be added to an initial muscle force solution fm and assuming the
FDP and FDS have approximately equivalent moment arms at the MCP/PIP joints,
we adjust the flexor forces from the initial values, fFDP and fFDS, to modified values,
f¯FDP and f¯FDS, as follows:
f¯FDP = fFDP + β
∆τDIP
rDIP
f¯FDS = fFDS − β∆τDIP
rDIP
(4.7)
where rDIP is the DIP moment arm of the FDP tendon. The scaling term β is defined
to be the maximum value within the range [0, 1] such that Equation (4.7) satisfies the
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(c) Relationship between PIP and DIP joints
Figure 4.6: Experiments for PIP joint flexion and extension with differing values of
the secondary DIP torque control parameter ∆τDIP . (a) If ∆τDIP is set to be a large
flexion torque, the FDP muscle is more active than the FDS. As a result, the extensor
mechanism’s lateral bands to remain taut, causing the DIP to flex with the PIP in a
coupled curling motion. (b) If ∆τDIP is set to be a large extension torque, the FDS
muscle is more active than the FDP. In the absence of flexion torque from the FDP,
the DIP joint moves to full extension and remains there. (c) The relationship between
PIP and DIP joint motions depends on the relative FDP and FDS activation levels,
which can be regulated through the secondary DIP joint controller.
muscle force constraints f¯FDP ∈ [fmin, fmax] and f¯FDS ∈ [fmin, fmax]. In this way, the
DIP joint torque is altered as a secondary task without affecting the primary task of
producing torques at the other three joints.
The experimental results in Figure 4.6 demonstrate the effects of secondary
DIP control during free motion. In human fingers, the DIP joint commonly moves in
motions kinematically coupled with the PIP joint, but humans are also able to flex the
PIP joint without flexing the DIP by activating only the FDS muscle (Leijnse et al.,
2010). With the secondary control law, the DIP of the ACT index finger exhibits a
79
0 2 4 6 8 10 12 14 16 18
-0.02
0
0.02
D
IP
 
(N
-m
)
0 2 4 6 8 10 12 14 16 18
Time (sec)
0
5
10
15
20
M
us
cl
e 
Fo
rc
es
 (N
)
FDS
FDP
UI
EDC
RI
LUM
f
max
(a)
0 2 4 6 8 10 12 14 16 18
Time (sec)
-0.5
0
0.5
1
1.5
Jo
in
t A
ng
le
s (
ra
d)
MCP Ab/Ad
MCP Flex
PIP
DIP
(b)
Figure 4.7: Task demonstrating partial controllability of the index finger DIP joint.
(a) Given the primary task of producing a constant endtip force of 3 N in the prox-
imal direction, an additional DIP joint torque ∆τDIP is applied as a secondary task
(top). The activations of the FDS and FDP are adjusted based on ∆τDIP through
Equation (4.7), but are not allowed to pass outside the range [fmin, fmax] = [1, 18] N
(bottom). (b) Because the finger is making hard point contact, i.e. the distal pha-
lanx angle is not constrained, changes in DIP torque results in corresponding changes
to DIP joint angle. When ∆τDIP < 0, the DIP joint becomes fully extended (left
photo). When ∆τDIP > 0, the DIP flexes until the lateral bands of the extensor
mechanism becomes taut, such that the PIP and DIP joints are in a coupled posture
(right photo).
level of DIP joint controllability in free motion that is consistent with human anatomy.
Next, we demonstrate a more direct control of the DIP joint during static
force production (Figure 4.7). By varying the control input parameter ∆τDIP , the
DIP joint angle can be partially regulated. This capability is important for grasping
and manipulation, because it allows adjustment of distal phalanx angle to maximize
contact with the flat pad of the finger for improved grasp stability.
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4.2.2.5 End-tip Cartesian Stiffness Control
We then extended the joint-space controller in Equation (4.6) to Cartesian-
space as follows:
fx,des = Kx(xdes − x) +Kx,I
∫
(xdes − x)dt (4.8)
where Kx is the user-defined desired Cartesian stiffness matrix, Kx,I is the integral
gain matrix, xdes is a desired Cartesian trajectory, and current end-tip position x is
calculated using the joint estimation neural network and the forward joint kinematics.
To maintain a primarily impedance-like behavior, the integral terms were saturated
to a magnitude no greater than 1 N in each direction.
Experimental results in Figure 4.8 show the index finger tracking a prescribed
Cartesian trajectory with a Cartesian stiffness of Kp = 0.2
N
mm
in all directions. For
clarity, we present only motions in the sagittal plane; the finger commonly passes
through a singularity position when the fingertip becomes aligned with the MCP
ab/ad axis, causing a loss of controllability in the radial direction.
4.2.3 Thumb Cartesian Control
For the thumb, we will control the joint torques applied to four of the thumb
joints: CMC flex, CMC ab/ad, MCP flex, and IP. The MCP ab/ad joint is not
independently controllable, and thus is only passively observed for use in the Cartesian
model. Given a set of desired joint torques τ des, joint torque control is achieved using
the same algorithm in Equation (4.4) that was used for the index finger.
Initially, we designed a controller to regulate four Cartesian DOFs, consisting
of thumb-tip 3-D force fx and distal phalanx torque τdist, using the aforementioned
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Figure 4.8: Cartesian control of the ACT index finger. (a)-(b) The desired trajectory
(dashed/dotted lines) and actual trajectory (solid lines) for the task of tracing the
prescribed shape with the fingertip in the sagittal plane. (c) Applied index finger
muscle forces.
four controllable thumb joints through Equation (4.2). However, preliminary ex-
periments showed that the thumb muscle moment arms are such that independent
control of four thumb DOFs requires high levels of muscle co-contraction, resulting
in frequent actuator saturation and poor system performance.
Intuitively, this occurs because the multi-articular tendon routing and moment
arms of the human thumb make independent movement of the MCP flex joint a
challenging task. In humans, it has been shown that thumb MCP flexion tends to
be coupled with flexion of the CMC and IP joints (Li and Tang, 2007), indicating to
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us that attempting to independently control the three flexion joints might be overly
constraining the problem. The primary flexors of the MCP joint, the FPL, FPB,
and ADP, are also major flexors of the other two thumb flexion/extension joints,
such that independent MCP flexion requires large levels of antagonistic forces from
extensor muscles.
To improve performance, the number of constraints in the control optimiza-
tion is reduced from four to three by eliminating the constraint corresponding to
distal phalanx torque production τdist, so that the controller is only constrained to
achieve a desired 3-D thumb-tip force vector fx,des. To achieve this, the torque control
optimization of Equation (4.4) is reformulated into a Cartesian force optimization as:
minimize
fm,α
fTmfm + γ(1− α)2
subject to αfx,des = [J
−T (θ)]xR(θ)fm , 0 < α ≤ 1
fmin ≤ fm,i ≤ fmax , i = 1, . . . , nm
(4.9)
where J−T (θ) ∈ R4×4 is the inverse transpose of the reduced thumb Jacobian, for
which the rows and columns associated with the uncontrollable MCP ab/ad joint and
corresponding end-tip torque are removed, and the term [J−T (θ)]x contains only the
first three rows of J−T (θ). In this way, muscle force magnitudes are reduced as much
as possible while fulfilling the constraint of producing a desired 3-D thumb-tip force
vector fx,des.
For experimental testing, we implemented a high-level thumb-tip Cartesian
impedance controller with limited integral action similar to Equation (4.8) that was
used for the index finger. Experimental results in Figure 4.9 show thumb-tip tracking
with a Cartesian stiffness of Kp = 0.2
N
mm
in all directions. Results show accurate
tracking in the radial and dorsal directions. The distal direction experiences higher
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Figure 4.9: Cartesian control of the ACT thumb. (a)-(b) Desired trajectory
(dashed/dotted lines) and actual trajectory (solid lines) for the task of tracking a
prescribed thumb-tip sinusoidal trajectory in all three Cartesian directions. (c) Ap-
plied thumb muscle forces.
levels of friction because of how joint friction transforms to Cartesian space, and thus
shows poorer tracking performance.
4.2.4 Fine Manipulation Control
To demonstrate the capabilities of the developed ACT thumb-tip and fingertip
force controllers, we address the complex task of two-fingered fine object manipula-
tion. Given the vector of end-tip Cartesian positions x = [xf ,xt]
T , where xf and
xt correspond the index finger and thumb, respectively and global x-y-z coordinates
represent the radial, distal, and dorsal directions, we define the vector between the
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Figure 4.10: Schematic of coordinate frames, along with a visualization of defined
object coordinates z.
end-tips as xft = xf - xt = [xft,1, xft,2, xft,3]
T . Then, we can define a set of object-
space coordinates z (see Figure 4.10 for schematic) as:
z =

xo
Φy
Φp
wobj
 =

1
2
[xf + xt]
atan2(xft,3, −xft,1)
atan2(xft,2,
√
x2ft,1 + x
2
ft,3)
||xft||
 (4.10)
The translational object position xo ∈ R3 is the midpoint between the two end-tip
positions. Object orientation is defined by yaw and pitch Euler angles, where yaw
angle Φy is the rotation of xft about the global distal axis and pitch angle Φp is
the angle between xft and the transverse x-z plane (see Figure 4.10). The object’s
third rotational degree of freedom (DOF) is about an axis aligned with xft, which
cannot be controlled in a two-fingered grasp, and is thus not included in our definition
object-space coordinates. The final term is defined as object width wobj, which will
vary only if there exists a level of compliance between the contact points.
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To determine the grasp matrix W , we derive an inverse object kinematics
function x(z) that returns end-tip positions x as a function of object coordinates z:
x(z) =
[
xo +
1
2
xft(z)
xo − 12xft(z)
]
(4.11)
Here, the vector xft(z) is expressed in object coordinates:
xft(z) = wobj
− cos(Φy) cos(Φp)sin(Φp)
sin(Φy) cos(Φp)
 (4.12)
Then, the grasp matrix W is found, based on the kinematic relationship of Equa-
tion (3.4), as:
W T (z) =
∂x(z)
∂z
(4.13)
With this definition of z that includes internal force term, the internal grasp force
fint is inherently included as the last term of fz and the last row of W in the end-tip-
to object-space force relation of Equation (3.3). The full analytical representation of
W (z) can be found in Appendix B.1.
To manipulate object position/orientation within the hand, the object-level
controller will produce an object-space force/torque based on object position/orientation
error. Thus, we define an object-space PI controller as follows:
fz =

fxo
τy
τp
fint
 =
Kobj
xo,d − xoΦy,d − Φy
Φp,d − Φp
+Kobj,I ∫
xo,d − xoΦy,d − Φy
Φp,d − Φp
 dt
fint
 (4.14)
where Kobj and Kobj,I are object-space stiffness and integral gains. Note that fint has
not yet been determined, but will instead be calculated analytically in the next step.
For object-level control, Equation (3.3) is inverted:
fx = W
−1(z)fz (4.15)
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The grasp matrix W will always be invertible so long as xft does not coincide with
the object yaw axis and wobj > 0 (see Appendix B.1 for details). At this point, the
parameter fint, which regulates the amount of internal forces being applied along xft,
is determined analytically to produce a prescribed minimum normal force fgrip,min at
each contact point. The method for calculating fint can be found in Appendix B.2.
If contact slippage is expected, e.g. for low-friction objects, fint could instead be cal-
culated such that the contact force vectors fall within a friction cone (Kerr and Roth,
1986), but this more complex method is not implemented in this work. The result-
ing fx from Equation (4.15) sent to the index and thumb Cartesian force controllers
developed in the previous section.
Using this object-space control law, experimental results for two-fingered ob-
ject manipulation are shown in Figure 4.11. The control gains (using units of N, mm,
rad, and sec) are set to Kobj = diag([0.1, 0.1, 0.1, 100, 150]), Kobj,I = diag([0.1, 0.1,
0.1, 400, 800]), and fgrip,min = 2 N, with integral force and torque terms saturated
at 1 N and 70 N·mm, respectively. The purpose of this experiment is to perform
in-hand manipulation of the two controllable object orientation DOFs. The results
show accurate tracking of the desired object yaw and pitch angles and relatively small
deviations (< 8 mm) from the desired translational position (Figure 4.11a).
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Figure 4.11: Two-fingered object manipulation with the ACT hand. (a) Object ori-
entation and relative translation, actual (solid lines) and desired trajectories (dotted
lines), for the task altering object orientation while maintaining 3-D position. (b)
Thumb and index finger muscle forces. (c)-(f) Live snapshots at four times of inter-
est: t = 4, 8, 12, and 16 seconds. (g)-(j) Visual recreations to show changes in object
yaw angle. (k)-(n) Rotated viewpoints to show changes in object pitch angle.
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4.3 Discussion
The novel contributions presented in this chapter are (i) the design of novel
IR-based tension sensors for force feedback control of the ACT hand muscle-tendon ac-
tuators, (ii) the development of Cartesian control strategies for the human-like muscu-
loskeletal structure of the ACT index finger and thumb using proprioceptive feedback,
and (iii) the utilization of the developed endtip control capabilities to achieve two-
fingered fine object manipulation. This work with the ACT hand provides insights
into the unique functionality of the human musculoskeletal structure for achieving
the tasks required of our hands during everyday tasks.
4.3.1 Tendon Structure and Joint Controllability
The human finger is not a fully controllable system, but this limitation does not
hinder humans’ fine manipulation capabilities. The DIP and PIP joints are passively
coupled in human fingers, an important feature for shape adaptation and grasp closure
during power grasps. This has inspired under-actuated robotic and prosthetic hands
that provide robust grasping capabilities for various object sizes and shapes and
uncertain environments, but which are generally not designed with fine manipulation
as the primary goal (Dollar and Howe, 2010; Carrozza et al., 2004).
Conventional wisdom in robotic hand design dictates that for the task of fine
manipulation, uncontrollable DOFs should be avoided to ensure that the finger’s posi-
tion and applied forces can be precisely regulated. Thus, anthropomorphic hands are
commonly designed with controllable DIP joints, either through mechanical linkages
that enforce a fixed relationship between the PIP and DIP joints (Bridgwater et al.,
2012; Butterfaß et al., 2001; Liu et al., 2008) or by independently actuating the DIP
89
joint (Grebenstein et al., 2012).
Experiments with the ACT hand highlight the partially controllable nature of
the DIP joint, particularly when the flexors are activated such as during manipulation
tasks. As a result, the human finger is capable of functioning either as an under-
actuated system during tasks like power grasping in which adaptability is useful, or
as a fully actuated system during precise fine manipulation tasks. Future work with
the ACT hand includes implementing DIP joint regulation during manipulation tasks
as a secondary control objective, such that the contact surface on the finger pad can
be adjusted for improved grasp stability.
4.3.2 Thumb Control Space
In the thumb, a tendon controllability analysis tells us that the thumb has four
controllable joint DOFs. However, as discussed in Section 4.2.3, independently con-
trolling all four joint DOFs, or equivalently the corresponding four Cartesian DOFs,
is not ideal due to the high muscle activations required to produce even small magni-
tudes of joint torque. In this work, thumb control is demonstrated in a reduced subset
defined by the three thumb-tip Cartesian DOFs. The choice to reduce the number
of controlled DOFs from four to three is supported by the human thumb kinematic
study of Li and Tang (2007), who found that during thumb opposition tasks, the
CMC flex, MCP flex, and IP joints tend to move in a coupled manner, such that the
functional DOFs of the thumb can be adequately represented by only three compo-
nents. Potential future research could focus on utilizing the ACT thumb to develop
a clearer understanding of the thumb control space that the human neuromuscular
system might be acting within.
90
4.3.3 Functionality of Human Hand Structure for Coordinated Manipu-
lation
Manipulation experiments with the ACT hand demonstrate the roles of the
different digits, joints, and muscles in achieving various tasks. For example, when the
index finger MCP is in a flexed position, lateral fingertip manipulability is reduced
because the fingertip is near the yaw joint axis. In the human finger, lateral mobil-
ity is even further reduced due to tightening of the collateral ligaments (Sancho-Bru
et al., 2001). Therefore, object rotation about the yaw axis, as defined in this work,
during an opposition pinch grasp would be expected to be achieved primarily through
thumb flexion/extension. This is confirmed when we analyze experimental ACT hand
motions for an object yaw rotation (e.g. the negative rotation in Figures 4.11g-h and
positive rotation in Figures 4.11i-j). Analogously, due to the relatively higher manip-
ulability of the index finger in the distal direction compared to the thumb, changes in
pitch angle are achieved primarily through index finger motions (see Figures 4.11l-m).
Analysis of muscle forces gives insight into the critical roles that different muscles have
in specific task scenarios. For the given fine manipulation task, only four thumb mus-
cles (FPL, EPL, EPB, and ADP) are utilized to produce a thumb opposition force,
while in the index finger the flexor muscles are constantly active to produce grasping
force and the relative activations of all six muscles vary depending on the direction
of desired fingertip force.
There exist a few limitations to how far our results with the ACT hand can
be applied to studying human biomechanics. While the mechanical joint and tendon
structure is replicated closely, the viscoelastic properties, extremely low levels of joint
and tendon friction, and tactile sensing capabilities of human hands are difficult to
duplicate in a robotic system. Nonetheless, performing complex manipulation tasks
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with the ACT hand’s human-like structure can potentially provide significant insights
into the underlying mechanisms of human hand dexterity.
Our results demonstrate the effective implementation of object-level control
strategies with the extremely complex and nonlinear transmission and actuation of
the ACT hand. This work validates the effectiveness of existing robotic manipulation
strategies for even highly complex tendon-driven systems, provided adequately accu-
rate fine end-tip control capabilities and object models are available. It also shows the
feasibility of utilizing only non-collocated musculotendon sensing to perform complex
tasks in end-tip-space. The tight space constraints and robustness/safety require-
ments of robotic hands are such that confining the majority of sensitive electronics
within the forearm is beneficial from a design standpoint (Grebenstein et al., 2012).
With the resulting reduction in link-side sensory feedback, accurate internal mod-
els such as the ones presented in this work are required to allow accurate control
capabilities in joint-, end-tip-, and object-space.
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Chapter 5
Human-Inspired Control of the ACT Hand
As previously discussed, a common control strategy for dexterous manipulation
is object-level impedance control, which allows intuitive control of the object’s 3-D
position and orientation, applied external forces/torques, and internal grasp forces
(Schneider and Cannon, 1992). However, for robotic hands with intrinsically com-
pliant designs, the range of achievable object-space stiffness gains for such a control
strategy can be severely limited, reducing manipulation capabilities and performance.
In order to achieve a specified object-space stiffness, the robotic system must be capa-
ble of emulating appropriate corresponding tendon-, joint-, or Cartesian-space stiff-
nesses through control (Cutkosky and Kao, 1989), but researchers have shown that
the achievable stiffness of a robotic system is bounded based on its inherent passive
stiffness (Rao et al., 2017; Albu-Scha¨ffer et al., 2007). Thus, object stiffness gains can
only be increased to certain levels before instability and grasp failures will occur. For
example, in the ACT manipulation experiments of the previous chapter, limited sta-
ble object stiffness gains were unable to overcome friction, making significant integral
control action necessary to produce acceptable tracking performance.
While designing robotic hand systems with higher intrinsic stiffness would mit-
igate this issue, there are crucial advantages offered by passive compliance that would
be lost, such as increased robustness, safe environmental interactions, and improved
fine force control capabilities. Similar advantages have been identified by the designers
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of robotic hands such as the variable stiffness DLR Awiwi Hand (Grebenstein et al.,
2012) and twisted-string actuated UB Hand IV (Melchiorri et al., 2013). Addition-
ally, in systems with highly geared position-controlled actuators, such as Robonaut
2 (Niehues et al., 2014), or with tension sensors that operate based on load-based
deflection (Palli and Pirozzi, 2011), a level of series elasticity is required to achieve
fine force control.
By contrast, in human hands, the effective object-space stiffness during grasp-
ing arises almost entirely from the natural impedance-like behavior of muscles, which
is exploited by the central nervous system (CNS) to allow for robust reactions to rapid
disturbances (Burdet et al., 2001; Gribble et al., 1998). In this way, humans are able
to perform dexterous manipulation despite significant feedback delays between the
sensory organs, CNS, and muscles which would make pure feedback control infeasible
(Morasso, 2011). This type of hierarchical control strategy seen in the human neuro-
muscular system might also be beneficial if implemented in robotic hands, helping to
ensure grasp stability for a wide range of system parameters and manipulation task
scenarios.
In this chapter, first the limitations on achievable object stiffness gains are
analyzed as a function of robotic system design and manipulation task parameters
for a two-fingered pinch grasp. Then, experimental testing is performed with the
previously developed ACT hand object-space stiffness controller to demonstrate the
stable object stiffness boundaries for various manipulation task scenarios.
Next, drawing inspiration from the human neuromuscular system, I develop
a novel control strategy which implements low-level stiffness in muscle-space to en-
sure grasp stability, while a high-level controller gradually updates muscle resting
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lengths to emulate an object-space stiffness in quasi-static conditions. Experimen-
tal results demonstrate the ability of this control strategy to significantly increase
the quasi-static object-space stiffness of the system, leading to significantly improved
manipulation capabilities in compliant robotic hand systems.
5.1 Stiffness Transformations
To begin, generalized equations are presented for transforming stiffness ma-
trices between frames located in tendon-, joint-, end-tip-, and object-space for a
tendon-driven robotic hand performing two-fingered grasping and manipulation (see
Figure 4.10). The position and force/torque transformations between these spaces
have been previously defined in Section 3.1.
For a single digit, the conservative congruence transformation of Chen and Kao
(2000) is utilized to describe the stiffness transformations between tendon-, joint-, and
end-tip-space as follows:
Kθ = R(θ)KmR
T (θ) +
[
∂R(θ)
∂θ
fm
]
(5.1)
Kθ = J
T (θ)KxJ(θ) +
[
∂JT (θ)
∂θ
fx
]
(5.2)
The above equations include not only the direct transformation of stiffness matri-
ces, but also load-dependent terms associated with configuration-dependent geometry
changes in R(θ) and J(θ).
Defining the object-space coordinates and grasp matrix as in Section 4.2.4 (see
Figure 4.10 for schematic), the combined end-tip stiffness matrix Kx as a block diago-
nal matrix of index finger Cartesian end-tip stiffness Kx,f and thumb-tip stiffness Kx,t,
and object stiffness Kz through the relation fz = Kzdz, the stiffness transformation
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from end-tip-space to object-space is:
Kz = W (z)KxW
T (z) +
[
∂W (z)
∂z
W−1(z)fz
]
(5.3)
See Appendix B.3 for the complete analytical calculation of this equation.
5.1.1 Passivity Analysis
In order to ensure system passivity, it has been shown that the difference
between passive and active stiffness must remain positive semi-definite (Rao et al.,
2017). If this passivity condition holds, then by definition the actuators will tend to
dissipate energy, and system stability can be guaranteed.
The joint-space passivity bound of Rao et al. (2017) can be also be transformed
to object-space as:
Kz,pass −Kz,d ≥ 0 (5.4)
where Kz,pass is the object-space passive stiffness, calculated from the system’s pas-
sive compliance elements (e.g. tendon stiffness Km,pass) and operating force/torque
conditions using Equations (5.1), (5.2), and (5.3). This effectively places an upper
bound on the active object stiffness Kz,d, e.g. for the object-space stiffness control
law presented in the next section. If the passivity bound in Equation (5.4) is violated,
the system becomes non-passive and potentially unstable.
The factors that determine the value of Kz,pass can be separated into two
categories: system parameters, determined by the robotic hand’s design, and task
parameters like object size/shape and grasp force.
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5.1.1.1 Effect of Robotic Hand Design on Grasp Stability
The passive stiffness of the robotic system itself, represented by the effective
end-tip stiffnesses Kx,pass of each digit, is the most obvious contributor to Kz,pass, and
should be considered a key design parameter when attempting to achieve a desired
range of object stiffness gains Kz,d for a set of grasping tasks. For each digit, Kx,pass
is a function of passive stiffness values (e.g. Km,pass), joint structure (J(θ)), tendon
moment arms (R(θ)), and loading conditions. Informed modifications to robotic hand
design can alter Kz,pass such that a specified range of Kz,d satisfies Equation (5.4) for
a given set of tasks.
However, major design modifications may be limited or infeasible for some
systems. Joint structure, actuation, and transmission of robotic hands are usually
specifically designed to fulfill tight space constraints while producing optimal grasp-
ing kinematics, force production capabilities, and dynamic properties, leaving little
design freedom for modifications. In the special case of the ACT hand, alterations
to joint structure or tendon moment arms are not possible without losing anatom-
ical correctness, for which the testbed is specifically designed. Directly increasing
the stiffness of elastic elements can also lead to undesirable consequences, such as
poor impact robustness and high-frequency noise transmission, and a level of passive
compliance is usually required for accurate force control, i.e. through force sensors or
series elastic actuation. For these reasons, an upper bound exists on feasible system
passive stiffness Kx,pass.
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5.1.1.2 Effect of Task Parameters on Grasp Stability
Object manipulation task parameters, such as object width wobj and grasp
force fint, also play a significant role in determining Kz,pass. Increasing wobj leads
to a corresponding increase in object rotational stiffness kΦ,pass proportional to w
2
obj,
because object width corresponds to the effective moment arm transforming from
end-tip stiffness Kx to object-space rotational stiffness kΦ.
The effect of grasp force fint on Kz,pass appears in the last term of Equa-
tion (5.3). Letting Kg represent the last term
[
∂W
∂z
W−1fz
]
, all elements of Kg will
be zero except the two diagonal elements kg,Φy and kg,Φp corresponding to rotational
stiffnesses about Φy and Φp, respectively. Analytically, these two values are found to
be:
kg,Φy = −fintwobj cos2(Φp)
kg,Φp = −fintwobj
(5.5)
Please refer to Appendix B.3 for details on the calculation of Kg.
Thus, increasing grasp force fint tends to decrease kΦ (Cutkosky and Kao,
1989), which further reduces the set of gains Kz,d that satisfy the passivity criteria
of Equation (5.4). Note that the cos2(Φp) term above appears because the effective
moment arm between the yaw joint axis and the contact points and changes as a
function of Φp, due to our definition of Φy and Φp in Equation (4.10). Additional
load-dependent effects that arise from (5.1)-(5.2) should also be accounted for.
5.2 Object-Space Stiffness Control
5.2.1 Control Law
To manipulate object position/orientation within the hand, an object-space
stiffness controller is designed to produce an object-level force/torque based on the
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stiffness relation
fz = Kz,d(zd − z) (5.6)
where Kz,d is the desired object-space stiffness and zd is desired object pose.
However, instead of using a stiffness relation to determine fint based on ∆wobj,
fint is calculated analytically at each time step to satisfy a desired minimum normal
force fgrip,min at each contact point (see Appendix B.2), just as was done in Sec-
tion 4.2.4. This has the effect of making the sixth diagonal element of Kz,d equal to
zero, while also introducing coupling terms along the sixth row and column of Kz,d.
During a grasp, the sixth diagonal element of Kz,pass includes the object’s internal
stiffness and thus tends to be large, creating an eigenvector of Kz,pass −Kz,d closely
aligned with the fint direction with an eigenvalue  0. Thus, it can be assumed that
for sufficiently non-compliant objects the fint direction will not contribute to stiffness
passivity bound violations.
The resulting fz is used to calculate desired fx through Equation (4.15), which
are then sent to the individual Cartesian force control algorithms of the ACT index
fingers and thumb.
5.2.2 Experimental Testing with the ACT hand
In this section, object manipulation is performed with the ACT hand using
the above object stiffness control law, focusing specifically on the task of changing
object yaw angle (see Figure 5.1, left).
First, experimental testing is performed to study the effect of increasingKz,d on
stability. As object rotational stiffness kΦ is increased to the point that the passivity
bound of Equation (5.4) is violated, the system becomes less stable, resulting in grasp
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Figure 5.1: Object stiffness control for the task of tracking step changes to object
yaw angle Φy. Left: Snapshots demonstrating the object rotation being performed
(exaggerated changes to Φy for clarity). Right: Results for a range of orientation
stiffness (kΦ) values. Internal grasp force is set to fgrip,min = 2 N and translational
components of object stiffness are ko,x = 0.1
N
mm
for all cases. As kΦ increases past
250 N ·mm
rad
, the passivity bound in Equation (5.4) is violated, and the system goes
unstable.
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Figure 5.2: Object stiffness control results given different levels of internal grasp
forces fint. Object stiffness gains are set to the equivalent to those in the top plot
of Figure 5.1 (kΦ = 200
N ·mm
rad
). The last two rows of plots indicate thumb and
finger muscle forces, and are included to illustrate the higher muscle force magnitudes
required for larger values of fgrip,min. As the applied grasp force increases from 2 to 4
N , the resulting changes to Kz,pass are such that the passivity bound in Equation (5.4)
is violated, and the system goes unstable.
failure (Figure 5.1, right).
Next, the effect of increasing applied grasp force fgrip,min is tested. In Fig-
ure 5.2, for a case that was previously stable in Figure 5.1, increasing fgrip,min from
2 to 4 N leads to grasp instability. This is because Kz,pass is altered through Equa-
tion (5.5), reducing the set of achievable object gains Kz,d that satisfy passivity as
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Figure 5.3: Object stiffness control results given an object of increased width com-
pared to the cases in Figures 5.1-5.2 (from ∼30 mm wide ball to a ∼57 mm wide
racquetball, the same used in the R2 experiments of Section 3.4). In this case, kΦ can
be increased to much higher levels (up to 500 N ·mm
rad
) without causing grasp instability.
grasp force is increased.
Lastly, testing is performed to study the effect of changing object size. In Fig-
ure 5.3, wobj is nearly doubled from previous cases, leading to a significantly increased
range of stable Kz,d values.
Based on this analysis and experimental results, object stiffness control re-
quires carefully chosen Kz,d gains, informed by both robotic system and manipula-
tion task parameters, to ensure grasp stability. For compliant robotic systems or for
tasks with small objects or large grasp forces, the achievable Kz,d can be severely
limited. In the next section, I develop a novel human-inspired muscle-space stiffness
control strategy, with the goal of increasing achievable Kz,d without compromising
grasp stability.
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5.3 Muscle-Space Stiffness Control
5.3.1 Inspiration from Human Neuromuscular System
Human biomechanical research has consistently pointed out that human sys-
tem has a fundamentally hierarchical control structure. Low-level reflexes and inher-
ent muscle impedance properties provide robustness and quick responses to distur-
bances, while higher-level CNS commands act to coordinate muscles toward a desired
goal. For tasks like upright standing, the CNS must actively contribute feedback con-
trol actions to maintain stable posture (Casadio et al., 2005). By contrast, most hand
tasks, like object grasping and manipulation, require faster corrective movements and
thus rely heavily on muscle impedance properties for stability (Morasso, 2011).
There exist multiple hypotheses describing the form of internal neural control
signals. One of the most prevalent is the equilibrium point hypothesis, first introduced
in the work of Feldman (1986) (see also Feldman and Levin (2009)), which states
that the CNS only directly controls the threshold lengths of muscles, while muscle
forces arise naturally from inherent muscle properties, reflexes, and central control
mechanisms, resulting in a nonlinear spring-like muscle behavior with the specified
threshold length as the resting point.During object manipulation, the CNS updates its
neural signals (i.e. muscle resting lengths) based on feed-forward models of expected
object and environmental properties, along with reactionary adjustments to sensory
cues (Flanagan et al., 2006). However, updates from the CNS occur at a relatively slow
rate, such that the passive stiffness of the system for rapid disturbances is dominated
by the inherent muscle properties (Hu et al., 2011).
In this section, I develop a human-inspired ACT hand control strategy that
implements stiffness only in muscle-space, while muscle resting lengths are updated
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gradually based on the task requirements. My primary interest is the quasi-static
stiffness properties of the finger, and thus the complex effects of nonlinear damping
properties, muscle activation dynamics, and biological delays lie outside the scope of
this work.
5.3.2 Control Design
To begin, a muscle-space stiffness control relation is defined as follows:
fm = Km,d(`m,d − `m) (5.7)
where Km,d is a diagonal desired stiffness matrix and `m,d is desired position in muscle-
space.
Expressing the passivity bound from the previous section in muscle-space,
Km,pass −Km,d > 0 (5.8)
it can be seen that ensuring system passivity becomes a straightforward element-wise
comparison to check that active muscle stiffness Km,d remains lower than passive
tendon stiffness Km,pass.
The challenge for muscle-space stiffness control is determining appropriate
desired muscle positions `m,d to achieve a given task. For this, at each time step
the object-space stiffness and Cartesian force control algorithms from the previous
sections are utilized to calculate a set of muscle forces fˆm that can be considered an
appropriate control action for a given desired object motion. We then calculate the
“ideal” desired muscle positions ˆ`m,d as:
ˆ`
m,d = `m +K
−1
m,dfˆm (5.9)
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Figure 5.4: Control block diagram of muscle-space stiffness control strategy, with
muscle lengths `m,d updating through a low-pass filter with cut-off frequency ωc based
on an object stiffness control strategy.
If the desired muscle positions were simply set to `m,d = ˆ`m,d at each time
step, the system would behave as a pure object stiffness controller. Instead, a low-
pass filter is utilized to update `m,d at a relatively slow rate compared to the system’s
dynamics:
`k+1m,d = `
k
m,d + ωc(ˆ`
k+1
m,d − `km,d)∆t (5.10)
where ωc is the filter cutoff frequency in radians/sec. A block diagram of this control
law can be found in Figure 5.4.
This combination of muscle- and object-space stiffness control has several
unique characteristics. Because `m,d is updated relatively slowly, the system’s dynam-
ics are dominated by muscle stiffness Km,d, such that system passivity can be ensured
through in a simple manner through Equation (5.8). However, as the system reaches
quasi-static equilibrium and `m,d → ˆ`m,d, the chosen object-space stiffness gains Kz,d
will determine the relationship between object-space error and applied force/torque,
such that external object interactions are intuitively decoupled and well-defined.
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Figure 5.5: Disturbance response for a muscle-space stiffness controller while grasping
an object with fixed `m,d, determined at the initial time step to produce a grasp force
of fgrip,min = 3 N. Disturbances are successively applied and released in the Φy, Φp,
and xo,z directions.
5.3.3 Experimental Results
To begin, disturbance testing is performed for the muscle stiffness controller
in Equation (5.7) with constant, non-updating muscle resting lengths `m,d, which are
determined at the initial time step to produce an internal force of 3 N. Muscle stiffness
for every muscle is set to km = 5
N
mm
, which is slightly below the passive stiffness of
the tendons and thus satisfies Equation (5.8).
In Figure 5.5, it can be seen that as disturbances are applied sequentially
to Φy, Φp, and xo,z, the system applies restoring object forces/torques fz to return
it to its original position (with some steady-state error due to friction). However,
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Figure 5.6: Disturbance response for a muscle-space stiffness controller with `m,d
updating based on an object-space stiffness control law. The low-pass filter cutoff
frequency is ωc = 0.5 Hz, translational object stiffness in all directions is set to ko,x
= 0.5 N
mm
, rotational stiffness is kΦ = 600
N ·mm
rad
, and fgrip,min = 3 N. Disturbances
are successively applied and released in the Φy, Φp, and xo,z directions.
the resulting effective object stiffness is highly coupled, such that a disturbance in
any direction also results in significant components of fz in the other rotational and
translational directions.
We next performed disturbance testing for the muscle stiffness controller with
updating `m,d based on the object stiffness control law from Section 5.2. The results
in Figure 5.6 demonstrate the ability to emulate an object-space rotational stiffness
kΦ that is doubled from the previously unstable value of 300
N ·mm
rad
while retaining
stability. This is because muscle-space stiffness dominates the dynamics during rapid
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Figure 5.7: Trajectory tracking results for muscle-space stiffness control with step
changes to Φy, given control parameters ωc = 0.5 Hz, ko,x = 0.2
N
mm
, kΦ = 600
N ·mm
rad
,
and fgrip,min = 2 N.
disturbances. As the system reaches quasi-static equilibrium after a disturbance, fz
approaches values corresponding to the desired object-space stiffness relationship Kz,d
(multiplied a scaling factor α when actuators reach saturation).
Finally, object manipulation is demonstrated for the same yaw angle tracking
task as before (Figure 5.7). The ability to increase object stiffness gains without
creating instability leads to reduced steady-state error compared to the object stiffness
controller in Figure 5.1. Thus, the use of integral gains or friction compensation for
reducing steady-state error can be avoided, which would otherwise result in nonlinear
behaviors that shift the system’s dynamic response away from the desired impedance.
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5.4 Discussion
In this chapter, I explored the inherent limitations of object-space stiffness
control, and then developed a novel human-inspired control strategy that (i) produces
quasi-static object-space stiffnesses well above what is possible with a typical object
stiffness controller and (ii) ensures grasp stability for a wider range of manipulation
task scenarios. First, mathematical analysis and experimental testing with the ACT
hand is used to demonstrate the limitations on achievable object stiffness gains as a
function of a robotic hand’s compliance properties and the object manipulation task
to be performed. Then, a novel muscle-space stiffness control strategy is developed
and tested with the ACT hand, and results show that a previously unachievable
object-space stiffness can be emulated in quasi-static conditions without resulting in
grasp instability, provided Km,d and ωc are properly chosen.
While the results presented in this work are specific to the ACT hand system,
the control algorithm and passivity bounds are generalized and can be employed for
any robotic hand system and in any coordinate space, based on its design, actuation,
and passive compliance properties. By utilizing such a control strategy, robotic hands
can utilize passive compliance to provide increased impact robustness, safer interac-
tions, and force sensing without sacrificing hand dexterity and object manipulation
capabilities.
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Chapter 6
Conclusions
This dissertation has sought to explore the fundamental differences between
the human hand musculoskeletal and neuromuscular systems and robotic hand design
and control, with the goal of improving robotic hand dexterity. The human hand is
a complex system with significant biological limitations, yet displays superior dexter-
ity and manipulation capabilities compared to existing robotic and prosthetic hands.
Through system modeling, analysis, and controller development for anthropomorphic
and anatomical robotic hands, this work gleans insights into the advantages and chal-
lenges that arise from the unique musculoskeletal, biomechanical, and neuromuscular
features of our hands.
This work makes several contributions to the field of biomechanical hand mod-
eling. Chapter 2 presents a novel and powerful methodology for modeling the finger
extensor mechanism, and then determines realistic musculotendon paths that repli-
cate observed human thumb mechanics by utilizing the ACT thumb as a physical
testbed. Additionally, the development of models and controllers for the ACT hand
in Chapter 4 contribute to the biomechanics field by elucidating the unique mechanical
effects and control challenges that arise from the human hand’s unique musculotendon
structure.
Then, contributions are made to the field of tendon-driven robotic hand control
through the development and testing of control strategies for the anthropomorphic
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Robonaut 2 hand in Chapter 3 and the ACT hand in Chapter 4 for achieving fine
object manipulation. While the human-like tendon structure of the ACT hand re-
quires significantly more modeling effort, the control strategies utilized for both the
straightforward tendon transmission in Robonaut 2 and the ACT hand are remark-
ably similar. Demonstration of fine manipulation capabilities with the complex ACT
hand structure is a significant milestone in the field of tendon-driven control, which
we hope will encourage the development of innovative tendon-driven robotic and
prosthetic hand designs that continue pushing forward their dexterous capabilities.
Finally, contributes are made to both the field of robotic hand control and the
study of the human neuromuscular system through the development and testing of
the human-inspired control algorithm in Chapter 5. Experimental results show that
this control strategy can improve the manipulation capabilities of compliant robotic
hands by increasing the achievable object stiffness emulated by the controller without
sacrificing grasp stability. Human neuromuscular control acts similar to the developed
control law, which provides evidence that the neuromuscular system’s hierarchical
control structure is crucial to human hand stability during manipulation tasks.
6.1 Future Work
Several possibilities exist for future research with the ACT hand. The control
work could be extended to three-fingered object manipulation by incorporating the
middle finger. Increasing the available sensory feedback from purely proprioceptive by
adding joint angle and tactile sensing would lead to significantly improved modeling
accuracy and control capabilities for the ACT hand. Mechanical design improvements
focused on reducing friction and introducing more human-like stiffness and damping
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properties would bring the system’s dynamics closer to the human hand.
Secondly, using the advances in ACT hand control presented in this work, more
in-depth ACT hand research can be performed studying human hand neuromuscular
control. More realistic muscle models with nonlinear stiffness properties could be
implemented, and the control strategies could be subsequently extended to account
for the additional co-contraction stiffness variable that would be introduced. Also, it
is not universally accepted by the research community that the human hand system
acts as a fundamentally stiffness-controlled system (Venkadesan and Valero-Cuevas,
2008), as is the basic assumption in this work. Thus, research into other theorized
human motor control models could be tested with the ACT hand, with the results
compared with measured in vivo human hand data.
Finally, the insights gained from work could be applied toward the develop-
ment of an innovative human-inspired robotic/prosthetic hand system. The design
would likely be simplified and modified compared to the ACT hand for practical
considerations, including reduction in actuator count and lowering of friction, but re-
searchers could still learn from this work to determine the appropriate joint structure,
tendon routing, and control strategies that will allow it to approach human levels of
dexterity.
112
Appendices
113
Appendix A
ACT Hand Joint Kinematics
A.1 Index Finger
The ACT fingers can be modeled as serial chain linkages using the Denavit-
Hartenberg (D-H) parameters (Hartenberg and Denavit, 1964) in Table A.1. Also
listed are the index finger link lengths and location/orientation of the base frame.
Note that the ACT hand also has a middle finger with the same joint configuration
and slightly longer links, but it is not used in this work and is thus omitted here.
Table A.1: Parameters for a kinematic model of the ACT index finger.
Finger D-H Parameters
Joint i ai αi ri θi
a
1 0 −pi/2 0 θ1
2 L1 0 0 θ2
3 L2 0 0 θ3
4 L3 0 0 θ4
Index Finger Parameter Values
{L1, L2, L3} {51.55, 26.9, 18} mm
Gr0
b [-22.0, -7.0, 115.4]T mm
G
0 R
c
−0.139 0.988 −0.0650.488 0.126 0.864
0.862 0.088 −0.500

a The θ variables correspond to the finger MCP ab/ad, MCP flex, PIP, and DIP joints, in order.
b Gr0 refers to the 3-D position of the base “0” frame, located at the MCP joint, with respect
to a global “G” frame located in the center of the ACT hand’s wrist, where the x, y, and z
coordinates refer to the global ulnar, dorsal, and distal directions, respectively.
c G
0 R refers to the rotation matrix from frame “G” in the wrist to frame “0” of the finger.
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Table A.2: Parameters for a kinematic model of the ACT thumb.
Thumb D-H Parameters
Joint i ai αi ri θi
a
1 L1 pi/2 0 θ1
2 0 5pi/6 L2 tan(pi/3) θ2 + pi/2
3 0 pi/2 L2/ cos(pi/3) −θ3 + pi/2
4 L3 0 0 θ4 + pi/6
5 L4 0 0 θ5
Thumb Parameter Values
{L1, L2, L3, L4} {23.1, 43.2, 36.5, 26} mm
Gr0
b [-31.2, -8.6, 30.4]T mm
G
0 R
c
 0 0.956 0.293−0.479 −0.257 0.839
0.877 −0.141 0.459

a The θ variables correspond to the thumb CMC flex, CMC ab/ad, MCP ab/ad, MCP flex, and
IP joints, in order.
b Gr0 refers to the 3-D position of the base “0” frame, located at the CMC flex joint, with respect
to a global “G” frame located in the center of the ACT hand’s wrist, where the x, y, and z
coordinates refer to the global ulnar, dorsal, and distal directions, respectively.
c G
0 R refers to the rotation matrix from frame “G” in the wrist to frame “0” of the thumb.
A.2 Thumb
The thumb has a more complex joint structure than the fingers, as can be
seen in Figure 2.10 and from the D-H parameters in Table A.2. Note that offsets are
added to θ values to make it so that when all joint angles are zero, the thumb will be
in an extended pose pointing in the approximate global distal direction. Also, a sign
change for θ3 is necessary so that CMC ab/ad and MCP ab/ad joint motions are in
the same direction, i.e. positive angle changes to either joint tend to move the thumb
in the ulnar direction.
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Appendix B
Object-Space Transformations and Control
B.1 Grasp Matrix
First, a full calculation of the grasp matrix is presented for a two-fingered grasp
object-space coordinates as defined in Equation (4.10). Given the inverse object
kinematics function x(z) defined in Equations (4.11)-(4.12) and the grasp matrix
calculation in Equation (4.13), the full expression for grasp matrix can be found as:
W (z) =

1 0 0 1 0 0
0 1 0 0 1 0
0 0 1 0 0 1
wobj
2
cpsy 0
wobj
2
cpcy −wobj
2
cpsy 0 −wobj
2
cpcy
wobj
2
spcy
wobj
2
cp −wobj
2
spsy −wobj
2
spcy −wobj
2
cp
wobj
2
spsy
−1
2
cpcy
1
2
sp
1
2
cpsy
1
2
cpcy −1
2
sp −1
2
cpsy

(B.1)
where cp = cos(Φp), sp = sin(Φp), cy = cos(Φy), and sy = sin(Φy).
Then, the inverse of the grasp matrix can be calculated as:
W−1(z) =

1
2
0 0
sy
wobjcp
spcy
wobj
−cpcy
0
1
2
0 0
cp
wobj
sp
0 0
1
2
cy
wobjcp
−spsy
wobj
cpsy
1
2
0 0
−sy
wobjcp
−spcy
wobj
cpcy
0
1
2
0 0
−cp
wobj
−sp
0 0
1
2
−cy
wobjcp
spsy
wobj
−cpsy

(B.2)
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Notice that the last column of W−1, which corresponds to the internal force
variable fint for the inverse force/torque relation fx = W
−1fz in Equation (4.15),
contains two unit vectors pointing outwards along the line between the index finger
and thumb, such that increasing fint leads to a corresponding decrease in the internal
grasp force being applied, and vice versa. However, for simplicity in the text, Also,
W−1 is undefined when cos(Φp) = 0 or wobj = 0, which corresponds to the singularity
positions of the grasp matrix W .
B.2 Internal Grip Force Calculation
In this work, object-space control is achieved using the inverse grasp matrix
relation defined in Equation (4.15):
fx = W
−1(z)fz (4.15)
The last term of fz is an internal force term fint, which in the object-space control
laws in this work is calculated analytically at each time step to guarantee a minimum
normal contact force is being applied at each contact point. In this section, we will
describe how fint is calculated.
To begin, the unit vectors corresponding to the directions of internal grasp
force at each contact point are calculated. These can be found in the last column
of W−1, where the first three elements correspond to the unit internal force vector
fˆint,f corresponding to the finger, and the last three elements correspond to the unit
internal force vector fˆint,t for the thumb. Note that these unit vectors are pointing
outward from the object’s center.
Then, after first calculating an initial value of fx = [f
T
x,f , f
T
x,t]
T using Equa-
tion (4.15) with fint = 0, we find the magnitude of the contact force vectors fx,f and
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fx,t projected onto their corresponding internal force vectors:
fint,f = fx,f · fˆint,f (B.3)
fint,t = fx,t · fˆint,t (B.4)
Then, given a specified minimum normal contact force fgrip,min to be applied
by each finger, the internal force term fint is calculated as:
fint = −fgrip,min −max(fint,f , fint,t) (B.5)
Using this fint value inserted into fz, the re-calculation of the object-space
equation in Equation (4.15) results in contact forces fx,f and fx,t that will apply a
minimum normal contact force of fgrip,min.
B.3 Stiffness Transformation
Here, the transformation from end-tip-space (Kx) to object-space (Kz) is cal-
culated, including load-dependent stiffness terms due to internal grasp force. Re-
iterating Equation (5.3), this transformation can be defined as follows:
Kz = W (z)KxW
T (z) +
[
∂W (z)
∂z
W−1(z)fz
]
(5.3)
Assuming the effective end-tip stiffnesses Kx is known, the first term can be easily
calculated using the grasp matrix from Equation (B.1).
The last term of Equation (5.3), which for simplicity is denoted in this work
as Kg, is slightly more difficult to calculate. Using methods outlined by Chen and
Kao (2000) for joint- and Cartesian-space, Kg can be found as:
Kg =
[
∂W (z)
∂z
W−1(z)fz
]
=
[(
∂W (z)
∂z1
W−1fz
) (
∂W (z)
∂z2
W−1fz
)
. . .
(
∂W (z)
∂z6
W−1fz
)] (B.6)
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Analytically simplifying this equation, the following expression for Kg can be found.
Kg =

0 0 0 0 0 0
0 0 0 0 0 0
0 0 0 0 0 0
0 0 0 τpcpsp − fintwobjc2p −τy tan(Φp)
τy
wobj
0 0 0 −τy tan(Φp) −fintwobj τp
wobj
0 0 0
τy
wobj
τp
wobj
0

(B.7)
Note that for the calculation of Kg, fz corresponds to the external forces/torques
being applied to the fingers. Thus, although for inverse grasp matrix calculations,
positive fint values produce outward fingertip forces, for the calculation of Kg positive
values of fint correspond to increasing the applied grasp force.
For the case of an unloaded grasp, i.e. no external forces/torques are being
applied to the object or fingers, only the internal grasp force fint will be present. In
this case, Kg is a matrix with all elements equal to zero except two diagonal elements
kg,Φy = −fintwobj cos2(Φp) and kg,Φp = −fintwobj. The implications of this finding is
discussed in greater detail in Section 5.1.1.2.
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